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Abstract

Most of the smart devices voice assistants or robots present in the world are not smart enough
to understand emotions. They are just like command and follow devices they have no emotional
intelligence. When people are talking to each other based on their voice they understand the
situation and react to it, for instance, if someone is angry then another person will try to calm
him by conveying in a soft tone, these kinds of harmonic changes are not possible with smart
devices or voice assistants as they lack emotional intelligence. So adding emotions and making
devices understand emotions will significantly enhance their capabilities and take them one step
further to human-like intelligence. To address this limitation, our system introduces a novel
approach to integrating emotional intelligence into smart devices.

The proposed approach in this thesis follows a typical machine learning workflow, encom-
passing data preparation, model training, and evaluation. It leverages pre-trained models and
transfers learning for feature extraction from emotion datasets, with key components including
Mel-frequency spectrogram extraction alongside the Wev2vec pre-trained Transformer model for
feature extraction. Other steps involve dataset splitting, fine-tuning the HuBERT pre-trained
model for SER, and emotion classification. The system also facilitates speaker gender identifica-
tion (male or female). Standard datasets RAVDESS and CREMA-D were utilized for training

and evaluation, yielding accuracies of 84.25% and 71%, respectively.

Keywords: speech emotion recognition, transformers, wav2vec2, transfer learning, Hubert

pre-trained model, mel spectrograms.



Résumé

La plupart des appareils intelligents, des assistants vocaux ou des robots présents dans le
monde ne sont pas suffisamment intelligents pour comprendre les émotions. Ils se comportent
simplement comme des dispositifs de commande et d’exécution et n’ont aucune intelligence
émotionnelle. Lorsque les gens se parlent, ils comprennent la situation en fonction de la voix et
réagissent en conséquence ; par exemple, si quelqu’un est en colere, 'autre personne essaiera de le
calmer en utilisant un ton doux. Ces types de variations harmoniques ne sont pas possibles avec
les appareils intelligents ou les assistants vocaux, car ils manquent d’intelligence émotionnelle.
Ajouter des émotions et permettre aux appareils de comprendre les émotions améliorera consid-
érablement leurs capacités et les rapprochera un peu plus d’une intelligence semblable a celle
des humains.Pour remédier a cette limitation, notre systéme introduit une nouvelle approche
pour intégrer l'intelligence émotionnelle dans les appareils intelligents.

L’approche proposée dans ce mémoire, suit un flux de travail typique en apprentissage au-
tomatique, englobant la préparation des données, ’entrainement des modeles et leur évaluation.
Elle exploite des modeles pré-entrainés et le transfert d’apprentissage pour I'extraction des car-
actéristiques des ensembles de données émotionnelles, avec comme composantes clés I'extraction
du spectrogramme de fréquences Mel aux c6tés du modele Transformer pré-entrainé Wev2vec
pour l'extraction des caractéristiques. D’autres étapes incluent la division des ensembles de
données, le peaufinage du modéle pré-entrainé HuBERT pour la REP, et la classification des
émotions. Le systeme facilite également ’identification du genre de I'orateur (homme ou femme).
Les ensembles de données standard RAVDESS et CREMA-D ont été utilisés pour I’entrainement

et ’évaluation, avec des précisions respectives de 84.25% et 71%.

Mots clés: reconnaissance des émotions dans la parole, transformers, wav2vec2, transfert

d’apprentissage, modéle pré-entrainé HuBERT, spectrogrammes de Mel.
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General introduction

Context

Emotion, encompassing physiological and psychological states, gained systematic attention in
the 1990s [Picard, 2000]. Science and technology progress has widely applied emotion recog-
nition in areas like Human-Computer Interactions (HCI) [Nayak et al., 2021], medical health
[Colonnello et al., 2019], Internet education [Feng et al., 2020], security monitoring [Fu et al., 2021],
intelligent cockpits [Oh et al., 2021], psychological analysis [Sun et al., 2020], and the entertain-
ment industry [Mandryk et al., 2006]. Emotion recognition employs diverse detection methods
and sensors, forming human-computer interaction systems[Ogata and Sugano, 1999] or robot
systems [Rattanyu et al., 2010]. In medical settings [Hasnul et al., 2021], it aids in patient psy-
chological state detection, supporting treatment, and enhancing medical efficiency. Internet
education [Feidakis et al., 2011] utilizes it for assessing students’ learning status, improving ef-
ficiency through timely reminders. In criminal interrogation [Saste and Jagdale, 2017], it de-
tects lies (authenticity test), and in intelligent cockpits, [Zepf et al., 2020], it enhances driving
safety by detecting drowsiness and mental states. Psychoanalysis [Houben et al., 2015] utilizes
it for autism analysis, extending to recognizing emotions in individuals unable to express clearly

[Bal et al., 2010].

Problem statement

This study aims to improve Speech Emotion Recognition (SER) systems by shifting from tra-
ditional machine learning methods, like manual feature engineering with SVMs or GMMs, to
Transformer-based models. Traditional approaches, while moderately successful, struggle to
capture the subtle patterns in speech that convey emotional nuances due to the complexity of
human emotions, including variations in tone, pitch, and timing.

Transformers offer a promising shift for SER due to their ability to capture long-range depen-
dencies and contextual information using self-attention mechanisms. Unlike traditional methods
that rely on manual feature engineering, Transformers can autonomously learn relevant fea-
tures from raw data, potentially enhancing SER system accuracy and robustness. Additionally,
leveraging pre-trained Transformer models enables transfer learning, allowing SER systems to

efficiently adapt to new tasks with minimal additional data. This transition aims to surpass
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the constraints of traditional ML approaches, advancing towards more efficient and adaptive

systems for emotional cue recognition in speech.

Objectives
The general objective of this study can be detailed into the following specific sub-objectives:

e Develop a Transformer-based model: for the classification of speech emotions into various

categories (e.g., happy, sad, angry, etc.).

e Conduct an experimental study: to determine the optimal hyperparameters and assess

the significant impact of these hyperparameters on the model’s accuracy.

e Perform a comparative study: to demonstrate the effectiveness of Transformer algorithms

in developing efficient speech-emotion recognition systems.

Manuscript organization

This thesis comprises three chapters. Chapter 1 explores AI, ML, DL, Transformers, and transfer
learning. Chapter 2 focuses on the state of the art in emotion recognition methods. Finally,

Chapter 3 discusses the conception and experimentation process of our system.

e Chapter 1: Learning in Artificial Intelligence: From Traditional Machine
Learning to Transformers and Transfer Learning This chapter traces the evolution
of learning paradigms in Al, from traditional machine learning methods to deep learning,
focusing on the Transformer architecture and the role of transfer learning in enhancing

model performance for specific tasks.

e Chapter 2: State of the Art of Speech Emotion Recognition This chapter
covers the theoretical background of emotion recognition and reviews existing methods for
speech emotion recognition, starting with traditional techniques involving acoustic feature
extraction and classical machine learning, then moving to deep learning approaches like
CNNs and RNNs, and culminating in the latest advancements using Transformer-based

models, providing a comparative analysis of their effectiveness.

e Chapter 3: A Transformers-based Speech Emotion Recognition System Using
Transformers This chapter presents a pioneering method for Speech Emotion Recog-
nition (SER) employing Transformers, detailing its implementation and evaluation. It
showcases the superior performance of Transformer-based models compared to recent
works, underscoring their potential to revolutionize SER systems with improved accuracy

and effectiveness.

The system implementation is presented in Appendix A and B.

Univ-Skikda/Artificial Intelligence: 202/ 13



Chapter 1

Learning in Artificial Intelligence:
From Traditional Machine Learning
to Transformers and Transfer

Learning

1.1 Introduction

Artificial intelligence (AI) and machine learning have transformed many aspects of our daily lives,
revolutionizing our ability to process and analyze complex data. The importance of Al lies in its
potential to solve problems, enhance efficiency, and drive innovation across various industries.
In this chapter, we will explore the different approaches to Al learning. We will start with
traditional machine learning methods. Then, we will advance to modern deep learning techniques
such as neural networks, transformers, and transfer learning. These techniques are essential for
tackling complex tasks and improving real-life applications such as emotion recognition.

The relationship between AI, ML, deep learning, and transformers is shown in the following

visual form:
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Learning

Technique to

mimic human
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Bard, ChatGPT
are examples of
transformers

Figure 1.1: Al and ML, Deep learning, Transformers relationships

As depicted in the above diagram:

o The general field is called Artificial Intelligence (AI).
o Al includes machine learning (ML) as a subset.

e Deep Learning is a subset of ML.

o Transformers fall under the domain of deep learning.

1.2 Artificial intelligence

The term Artificial Intelligence (AI) describes a digital computer’s or computer-controlled robot
to execute tasks typically linked with intelligent entities [Copeland, 2024]. In simpler terms, Al
encompasses any combination of software and hardware designed to replicate human behavior
and cognitive processes. This broad field encompasses various subfields, such as computer vision,
Natural Language Processing (NLP), machine learning, text and speech synthesis, robotics,
planning, and expert systems [Mills, 2016]. Figure 1.2 provides a schematic representation

illustrating the components that constitute Al.

Univ-Skikda/Artificial Intelligence: 202/ 15
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Figure 1.2: Subcategories of artificial intelligence
[Mukhamediev et al., 2021]

1.3 Machine learning

Machine Learning (ML), a subset of artificial intelligence, operates as a self-discovery mechanism
for data patterns. ML models autonomously learn and adapt without explicit programming, re-
lying on samples rather than predefined rules or limited hypotheses. This approach enhances ef-
ficiency, reliability, and cost-effectiveness in computational processes [Bashir et al., 2016]. ML’s
capability to swiftly and accurately generate models through data analysis is particularly valu-
able [Coronato et al., 2020]. It proves especially beneficial in handling vast amounts of data,
such as health data encompassing demographic information, images, laboratory results, genomic
data, medical records, and sensor-derived data [Yousefpoor et al., 2021]. Data sources for ML
include network servers, Electronic Health Records (EHR), genomic data, personal computers,

smartphones, mobile applications, sensors, and wearable devices [Seaton, 2021].

1.3.1 Types of machine learning techniques

As seen in Figure 1.3, machine learning algorithms can be broadly classified into four types:
semi-supervised learning, reinforcement learning, unsupervised learning, and supervised learning
[Mohammed et al., 2016]. We go over each kind of learning strategy in brief here, along with

how it may be used to address issues in the real world.

Univ-Skikda/Artificial Intelligence: 2024 16
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Figure 1.3: Different machine learning types and algorithms
[Nassif et al., 2019]

1.3.1.1 Supervised learning

Supervised learning involves the task of learning a function that can map input data to cor-
responding output based on labeled training examples. In this approach, algorithms require
external guidance, learning from a labeled dataset comprising input and output pairs. Typ-
ically, the labeled dataset is divided into training and testing subsets, with the training set
containing examples with known output variables to be predicted or classified. Supervised ma-
chine learning algorithms extract patterns from the training data and apply them to the test
data for prediction or classification tasks. Supervised machine learning models are widely used
across industries that handle large volumes of organized data. These models excel when data is

pre-labeled or categorized, simplifying tasks. They find diverse applications:

e Healthcare benefits from predicting drug interactions, and enhancing patient safety. A
study revealed that supervised machine learning accurately forecasts over 90% of harmful

drug combinations, potentially reducing adverse events by up to 30%.

e Finance relies on supervised machine learning for precise predictions, like stock prices, and
to combat fraud. Major financial institutions, including JPMorgan Chase and Goldman

Sachs, heavily invest in this technology.

e Face recognition technology, driven by supervised learning, ensures secure identity val-
idation in various sectors like law enforcement and airport security. Over 95% of face

recognition systems use supervised machine learning.

e Voice recognition technology, powered by supervised learning, enhances user interactions
with devices. Through datasets and careful analysis, algorithms can understand and

respond effectively to spoken commands.

o Meteorologists use supervised machine learning to improve weather forecasting by ana-

lyzing past patterns and additional data sources like satellite images. Innovative methods

Univ-Skikda/Artificial Intelligence: 202/ 17
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like Deep Learning Weather Prediction offer precise forecasts for weeks ahead, enhancing

traditional methods.

1.3.1.2 Unsupervised learning

This category is termed unsupervised learning, unlike the supervised learning mentioned earlier,
where correct answers and a guiding teacher are present. Unsupervised learning algorithms oper-
ate independently to uncover and reveal intriguing structures within the data. These algorithms
autonomously learn key features from the provided data. Upon the introduction of new data,
they utilize the previously acquired features to classify the data’s class. Unsupervised learning
finds its primary application in clustering and feature reduction. Unsupervised learning finds

use in many different fields. Among the noteworthy applications are:

e Customer segmentation: Businesses can customize their marketing campaigns by using

unsupervised learning algorithms to group clients according to their purchase patterns.

e Anomaly detection: Unsupervised learning can assist in the detection of fraud, network

intrusions, or manufacturing flaws by recognizing anomalous patterns or outliers.

e Picture and text clustering: Unsupervised learning can help with tasks like picture orga-
nization, document clustering, and content recommendation by automatically grouping

related images or texts.

e Genome analysis: By analyzing genetic data to find patterns and links, unsupervised
learning algorithms can provide new insights into genetic research and personalized treat-

ment.

e Social network analysis: Targeted marketing and the identification of online communi-
ties can be made possible by the application of unsupervised learning to find prominent

individuals or communities within social networks.

[Town, |

1.3.1.3 Semi-supervised learning

Semi-supervised machine learning represents a fusion of both supervised and unsupervised meth-
ods in the realm of machine learning. This approach proves fruitful in domains of machine
learning and data mining where obtaining labeled data is arduous, and a substantial amount of
unlabeled data already exists. Unlike conventional supervised methods that require a labeled
dataset for training, semi-supervised learning involves algorithms that can leverage both labeled
and unlabeled data. The discussion below delves into some of the semi-supervised learning

algorithms. Semi-supervised learning techniques find diverse applications:

e Anomaly detection: These techniques excel in identifying data points significantly different

from the rest, utilizing a small amount of labeled data for training and unlabeled data for

Univ-Skikda/Artificial Intelligence: 202/ 18
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anomaly detection. This application is crucial in fraud detection, medical diagnosis, and

more.

e Speech analysis: In tasks like speech detection and identification, semi-supervised learning
techniques prove beneficial. By initially training the model with labeled data and then
leveraging unlabeled data for prediction, these techniques enhance speech analysis. Co-

training or self-training methods can be employed for this purpose.

o Internet content classification: With billions of web pages, manually labeling each one is
impractical. Search engines simplify this process by employing semi-supervised learning
techniques for labeling and ranking internet content, reducing the need for extensive

manual work.

1.3.1.4 Reinforcement learning

Reinforcement learning stands as a domain within machine learning that focuses on guiding
software agents in making decisions within an environment to maximize cumulative rewards.
This paradigm represents one of the three fundamental machine learning approaches, alongside

supervised learning and unsupervised learning.

—>» Environment

action Reward| |State
a; R: St
-

Agent <

Figure 1.4: Reinforcement learning
[Amiri et al., 2018]

Applications of reinforcement learning

o Autonomous vehicles: In the context of a controller or self-driving car acting as the agent,
the environment includes roads, traffic, pedestrians, obstacles, and weather conditions.
The agent’s actions involve tasks like changing lanes, steering, braking, and accelerating
to navigate safely. It receives rewards for efficient and safe travel, but faces penalties for

collisions or traffic infractions, emphasizing the need for safe driving practices.

o Robotics: In this setup, the agent functions as a robot controller or an autonomous robot,
interacting within a designated physical workspace. Its actions include manipulating
objects, navigating obstacles, and performing tasks like grasping items. Rewards are
assigned based on the success or failure of these actions, with positive outcomes resulting

in rewards and negative outcomes in penalties.

Univ-Skikda/Artificial Intelligence: 202/ 19
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e Automation in industry: In this scenario, the agent takes the form of an automation

manager or control system tasked with overseeing operations within a manufacturing

environment. Its actions involve optimizing productivity, managing machinery, and fine-

tuning production schedules to meet operational goals. Rewards are contingent on the

outcomes of these actions, with positive rewards allocated for enhanced efficiency, meeting

production targets, and minimizing downtime, while negative rewards are incurred for

inefficiencies or disruptions in the production process.

Table 1.1 provides a comparison of the four learning types.

Table 1.1: Comparison of diverse learning types[Rahmani et al., 2021]

Types

Purpose

Dataset

Supervised learning

Anticipating the classifica-
tion of the testing set and
discerning the connections
between inputs and out-

puts.

Labeled dataset

Unsupervised learning

Recognizing data patterns
and categorizing data sam-

ples.

Unlabeled dataset

Semi-supervised learning

Predicting the classifica-
tion or output labels of the

testing set.

A dataset containing both
labeled and unlabeled data

Reinforcement learning

Determining the optimal
course of action by engag-

ing with an environment.

1.3.2 Machine learning models

Numerous machine learning algorithms fall under distinct learning categories. These are a few

of the most often utilized ones.

1.3.2.1 Models of supervised learning

¢ Classification

In machine learning, classification is a supervised learning task where a category is assigned

to a new data point based on its features. The features represent the characteristics of

the data point utilized for making predictions, and the categories encompass the potential

labels assigned to the data point. Among the algorithms used in classification:
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Support Vector Machine (SVM): SVM aims to find a max-margin hyperplane
in the n-dimensional feature space, providing good results with small training sets due to
reliance on a few support vectors. However, sensitivity to noise near the hyperplane is a
drawback. While effective for linear problems, SVMs use kernel functions for nonlinear
data, mapping it to a new space for separation. Kernel tricks are widely applied in SVMs

and other machine-learning algorithms.

Vecteurs de support

Figure 1.5: Support vector machine
[CNAM, |

Naive Bayes: Naive Bayes relies on conditional probability and assumes attribute
independence. The classifier calculates conditional probabilities for various classes for
each sample, classifying it into the one with the highest probability. The conditional

probability is computed using the formula presented in Equation 1.1.

n
P(X =z|Y =¢) = [[P(XY =20y = ¢) (1.1)

i=1
The Naive Bayes algorithm produces the best results when the attribute independence
hypothesis is satisfied. But in practice, it is difficult to meet this assumption, which results

in less-than-ideal performance, particularly when dealing with attribute-related data.

Logistic Regression (LR): Logistic Regression (LR) is a logarithmic linear model,
where the algorithm calculates class probabilities using a parametric logistic distribution,
as illustrated in Equation 1.2.

eWrT

5y f T emr

P(Y = k|z) = (1.2)

Here, k = 1,2...K - 1. The sample x is assigned to the class with the highest probability.
LR models are straightforward to build and train efficiently. However, LR struggles with

nonlinear data, restricting its applicability.
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Decision Tree: The decision tree algorithm classifies data using rules, forming an in-
terpretable tree-like model. It automatically excludes irrelevant features during feature
selection, tree generation, and pruning. In training, suitable features are chosen individ-
ually to create child nodes from the root. It serves as a basic classifier, while advanced

methods like random forest and XGBoost consist of multiple decision trees.

ROOt NOde

_____________________________

Sub-Tree Decision Node Decision Node

Leaf Node Leaf Node Leaf Node Decision Node

Leaf Node Leaf Node

Figure 1.6: Decision tree
[Science, 2024]

Neural Networks: Neural networks are composed of clusters of perceptrons aiming to
mimic the neural organization of the human brain. Shallow neural networks, characterized
by a sole hidden layer of perceptrons, include examples like collaborative filtering. In this
context, the hidden layer of perceptrons undergoes training to capture similarities among
entities, facilitating recommendation generation. Platforms such as Netflix, Amazon,
and YouTube employ adapted versions of collaborative filtering in their recommendation

systems to suggest products aligned with user preferences.

K-Nearest Neighbor (KNN): KNN’s fundamental concept follows the manifold
hypothesis, where a sample’s class likelihood is high if most neighbors share the same
class. The classification depends on the top-k nearest neighbors, and the parameter k
significantly impacts model performance. A smaller k increases model complexity, elevat-
ing the risk of overfitting. In contrast, a larger k simplifies the model, diminishing fitting

ability.

e Regression

Regression is a supervised machine-learning technique employed for predicting continuous
values. The primary objective of the regression algorithm is to establish a best-fit line or
curve that accurately represents the relationship between the data points, and types of

regression models:
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Linear regression: With the assumption that the dependent and independent vari-

ables have a linear relationship, this is the most basic type of regression model.

Logistic regression: used to forecast categorical dependent variables, like the likeli-

hood that a buyer will click on an advertisement.

Polynomial regression: a more complex regression model that considers nonlinear

correlations between the independent and dependent variables.

Ridge regression: Implemented to prevent overfitting by incorporating a penalty into

the model’s coefficients.

Lasso regression: Also employed to prevent overfitting, it achieves this by shrinking

the coefficients toward zero.

1.3.2.2 Models of unsupervised learning

Clustering

Clustering relies on similarity theory, grouping highly similar data into the same clusters
and less similar data into different clusters. Unlike classification, clustering is unsupervised
learning, requiring no prior knowledge or labeled data. Consequently, data set require-
ments are relatively low. However, for using clustering algorithms in attack detection,

external information reference becomes essential, types of clustering:

K-means clustering: K-means, a standard clustering algorithm, employs K as the
number of clusters, and "means” represents attribute means. Utilizing distance as a
similarity measure, the algorithm tends to place data objects with shorter distances into
the same cluster. While K-means suits linear data, its performance on nonconvex data
is suboptimal. The initialization circumstances have an impact on the algorithm. and
the parameter K, requiring multiple experiments to determine the appropriate parameter

values.

Hierarchical clustering: This algorithm constructs a hierarchy of clusters through

the merging or splitting of clusters based on their similarity.

Association rules:
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Association rules in machine learning fall under unsupervised learning, aiming to unveil
relationships between variables within a dataset. This technique discovers patterns in
data that may not be immediately apparent when examining individual data points. The
process involves identifying rules that indicate how frequently two or more items co-occur
in a dataset. Association proves to be a potent tool for uncovering latent patterns in data
and finding applications across various domains to enhance decision-making processes and

efficiency.
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Figure 1.7: Unsupervised learning types — clustering and association rule
[Info, 2024]

o Principal Component Analysis (PCA):

Principal Component Analysis (PCA) is a widely used method in data science for both
streamlining model training and visualizing data in lower dimensions. For instance, con-
sider a dataset of images where the goal is to reduce their dimensionality to extract
essential features. PCA can efficiently achieve this task, providing a condensed repre-
sentation of the images that retain critical information while eliminating redundancy.
This streamlined approach enhances data analysis and interpretation, facilitating more

insightful insights into the underlying patterns within the dataset.

1.3.2.3 Models of reinforcement learning

There are numerous reinforcement learning algorithms categorized into several sub-families.
Q-learning is relatively simple and, at the same time, helps understand learning mechanisms
common to many other models.

To provide an introductory illustration, a Q-learning algorithm works to solve a basic prob-

lem. For example, in the maze game, the objective is to teach the robot to exit the maze as
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quickly as possible while randomly placed on one of the white squares. To achieve this, there

are three central steps in the learning process:

e Know: Define a Q-value function.
e Reinforce knowledge: Update the Q-function.

o Act: Adopt a strategy of actions (PI).

Consequently, Q-learning is an algorithm for reinforcement learning that seeks to identify
the best course of action in light of the existing circumstances. Because the Q-learning function
learns behaviors that are against the existing policy, like acting randomly, it is seen as off-
policy. The policy is not required. To be more precise, Q-learning aims to discover a policy that
maximizes the overall reward. The "Q” in Q-learning stands for quality, denoting how useful a

certain activity is in obtaining rewards in the future.[DataScientest, 2024]

1.4 Deep learning

Deep Learning (DL) encompasses methods utilizing deep neural networks, where an artificial
neural network with more than one hidden layer is classified as a deep neural network. Con-

versely, a network with fewer than two hidden layers is termed a shallow neural network.

1.4.1 Neural networks in deep learning

Unlike task-specific algorithms, deep learning is a subset of machine learning that is based on
learning data representations. Artificial neural networks imitate the architecture and functions
of the brain and are the source of inspiration. To help a computer learn from experience, the
method makes use of a hierarchy of concepts in a field. Because this technique gathers com-
puter knowledge automatically, it does not require human input. The hierarchy of concepts
makes it easier to dissect intricate ideas into more straightforward ones with multiple layers
[Rani et al., 2020]. When there are multiple processing layers, deep learning approaches employ
multiple levels of abstraction to learn. This methodology has been particularly useful in the
fields of genetics, medicine, and voice and visual object identification. Deep Learning (DL) uses
a backpropagation method to identify patterns in complex datasets. To do this, it considers the
modifications to the internal parameters required while alternating between levels of representa-
tion. Advances in text and speech detection, as well as picture and audio processing, have been
made possible by deep convolutional and recurrent nets, respectively. RNN, ANN, and CNN
are a few examples of the various implementations of neural networks with minor modifications
[LeCun et al., 2015]. Researchers working on challenging deep learning challenges, autonomous
cars, and drones favor innovative Neural Network (NN) approaches over machine learning be-
cause of their feature engineering and decision limits [Cecchetti et al., 2020]. Any data point

can be classified as either positive or negative using the decision boundary technique. Neural
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networks are therefore not a good option for deep learning if the data cannot be separated for
any reason. However, feature engineering consists of two stages: feature extraction and feature
selection. The model building is composed of these two elements. Similar to how neurons are
arranged in the human brain, so too are the multi-layer ANNs. Certain coefficients are used
to connect each neuron to its neighboring neurons. Information is sent to these connection
points during training for them to become familiar with the layout and operation of the network
[Mijwil, 2018].

1.4.2 Neural networks structure types

In deep learning, various neural network types, such as ANN [Tabassum et al., 2014], CNN
[Chao and Hsieh, 2019], and RNN [Xue et al., 2019], employ different principles to establish
rules for diverse applications and serve as the basis for numerous pre-trained models. Ad-
ditionally, specific neural networks, including radial basis function neural networks, modu-
lar neural networks, multilayer perceptron neural networks, and sequence-to-sequence mod-
els, leverage their unique structures to excel in specific applications compared to others. DNN
[Chen et al., 2019] and Graph Neural Networks (GNNs) cater to graphic data classification issues
[Sahu et al., 2015], while LSTM recurrent neural network models prove effective for text classifi-
cation problems. Examples of applications include using an ANN for simultaneous optimization
techniques in modeling theophylline tablet formulations [Hassan et al., 2021] and employing a

generative neural network in adjoint electromagnetic simulations [Jiang and Fan, 2020].

1.4.2.1 Artificial neural networks

An Artificial Neural Network (ANN) is made up of several perceptrons or neurons at each layer;
this type of network is known as a feed-forward neural network when the input data is sorted
forward [Arora et al., 2021]. Three layers make up the fundamental structure of an ANN: the
input layer, hidden layers, and output layer. The data is handled by the hidden layers, the
output layer outputs the results, and the input layer is responsible for receiving the data. The
function of each layer in a neural network is to learn particular decimal weights that will be
assigned after the learning process. The ANN technique works well for situations involving text,
pictures, and tabular data. An artificial neural network’s (ANN) ability to handle nonlinear
functions and learn weights to help map any input to any output for any set of data is one of its
advantages. The net may learn any complicated relation connected with input and output data
by using the activation functions’ nonlinear features, which give rise to the concept of a univer-
sal approximation. ANNs are often used by academics to tackle difficult relations, such as the
cohabitation of WiFi and cellular networks in an unlicensed spectrum [Krizhevsky et al., 2017].
Two further examples are the knowledge-based neural network described in [Rusek et al., 2020],
and the feed-forward neural network, also known as a probabilistic neural network (PNN) in
[Medsker and Jain, 1999]. This method was applied in [Scarselli et al., 2008] to simulate a solar

field in a parabolic trough utilized for direct steam generation. In numerous research projects,
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artificial neural networks (ANNSs) are utilized as optimizers to address bundling problems. For
instance, in [Takayama et al., 2000], an ANN was employed to optimize a rocket’s flight path.
In [Wu et al., 2016], the design and optimization of microwave circuits was optimized using an
ANN. To address wireless system optimization and determine the ideal ANN design, model-aided
wireless Al embeds expert knowledge in DNN [Zappone et al., 2019]. Processes for thin film
growth are also optimized and controlled using ANN [Alsenwi et al., 2019]. A sampling strategy
for the ideal architecture of the ANN model [Kusy and Zajdel, 2014].To create fault tolerance,
a feedforward neural network optimization is used [Suganthi et al., 2015]. ANNs are used to
investigate nonlinear transformations in conjunction with the Xinjiang model [Na et al., 2016].
To improve the accuracy of bloom forecasting and reduce the expense of aquatic environmental
in-situ monitoring, certain improved artificial neural network models for predicting chlorophyll
dynamics were developed [Guo et al., 2020]. By improving heat integration, an ANN was used
to tackle an issue involving crude oil distillation systems [do Nascimento and de Oliveira, 2017].
ANN used orthogonal arrays to solve the optimization issue and extract anthocyanins from
black rice [Rayas-Sénchez, 2004]. The timing traffic light controller’s optimization issues are
resolved using ANN [Chaffart and Ricardez-Sandoval, 2018]. Additionally, as part of a sustain-
able optimization of port or coastal defense structures and their conversion for the creation of a
predictive model, artificial neural networks (ANNs) are employed as optimizers and applied to
Waves Energy Converters (WECSs) to anticipate overtopping rates. Figure 1.8 depicts the arti-
ficial neural network’s architecture. As illustrated in Figure 1.9, each neuron output consists of
an activation function equal to the sum of all input weights, whereas the neuron input is the sum
of all weights included in the bias. The activation functions are the engine of neural networks,
whereas the bias is a constant that modifies the weighted sum of the inputs and the output of
the neuron [Zhang et al., 2020, Tian et al., 2017].To obtain the gradients as a neural network
with numerous hidden layers, the neural network weight updates are carried out throughout the
back-propagation process. During the backward propagation, the gradient may disappear and
blow up [Mukherjee et al., 2020, Rusydi et al., 2019].
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Figure 1.8: Designs of artificial neural networks using backpropagation and feed-forward

algorithms
[Abdolrasol et al., 2021]
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Figure 1.9: Perceptron: a basic neural network model for deep learning
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o Activation functions in neural networks

Artificial neural networks use specialized activation functions to convert input signals
into output signals, which are then fed as input to the subsequent layer in the stack. The
output of a layer in an artificial neural network is obtained by applying an activation
function to the sum of the products of the inputs and their corresponding weights. This

output is then used as the input for the layer below it.

Why activation functions are needed by neural networks? Neural networks
are composed of numerous layers of neurons, or nodes, that are used to classify and predict

data when the network receives input data. An input layer, an output layer, and one or
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more hidden layers are present. Every layer has nodes, and each node has a weight that

is taken into account when information is processed from one layer to the next.

A neural network’s output signal would be a simple linear function, or just a degree one
polynomial if an activation function is not utilized. Nevertheless, although a linear equa-
tion is straightforward and quick to solve, it is limited in its complexity and is incapable of
learning and identifying intricate mappings from data. Most of the time, a neural network
without an activation function behaves like a weak, linear regression model. It is ideal
for a neural network to be able to do more complex tasks than learning and computing
a linear function, such as modeling complex data kinds including photos, videos, audio,

voice, text, etc.

Because of this, we employ artificial neural network techniques like Deep learning and
activation functions to interpret complex, high-dimensional, and nonlinear datasets. These
models have multiple hidden layers and complex architectures for knowledge extraction,

which is again our ultimate goal [Sharma et al., 2017].

Types of activation functions: The most crucial components of a neural network’s
architecture are its net inputs, which are processed and converted into an output re-
sult known as the unit’s activation by applying a scalar-to-scalar transformation function
known as the activation function, threshold function, or transfer function. Squashing
functions involve permitting a neuron’s output in a restricted range and at a constrained
amplitude. The output signal’s amplitude is condensed into a finite value by a squashing

function.

— Logistics function (Sigmoid)
Because it is non-linear, it is the most often employed activation function. The

sigmoid function modifies the values between 0 and 1. The definition of it is

fla) = = (1.3)

e

The sigmoid function is a smooth S-shaped function that is continuously differen-

tiable. The function’s derivative is equal to
f(x) =1 — sigmoid(z) (1.4)

Additionally, the sigmoid function is not symmetric about zero, meaning that all of
the neuronal output values will have the same sign. The sigmoid function can be

scaled to address this problem better.[Sharma et al., 2017]

— Hyperbolic Tangent (TanH)

The function is a hyperbolic tangent. Tanh function is symmetric to about and

resembles the sigmoid function. the source. As a result, the outputs from earlier
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levels, which serve as input for the subsequent layer, have distinct signs. It has the
following definition:
f(x) =2 -sigmoid(2z) — 1 (1.5)

The values of the Tanh function, which is continuous and differentiable, fall between
-1 and 1. The gradient of the tanh function is steeper than that of the sigmoid
function. Tanh is favored over the sigmoid function because it is zero-centered and

features gradients that are not constrained to fluctuate in a certain direction.

Rectified Linear Unit (ReLU)

The function that most closely resembles its biological equivalent is probably the
ReLU function. Many jobs have come to prioritize this function recently, especially
those that include computer visions [Oikonomidis et al., 2022]. Similar to the fol-
lowing formula, this function returns x itself if the entry is more than 0 and returns

0 if it is less than 0.The definition of it is:
f(z) = max(0,x) (1.6)

Leaky-ReLLU
Leaky ReLU is a modified form of the ReLLU function in which the value is defined

as extremely tiny for negative values of x rather than zero. component of x that is

linear. The following is a mathematical expression for it:

0.0lz, siz<O0
f(@) = (L.7)

x, sizx>0

Gaussian Error Linear Unit(GELU)

More significantly, this function prevents the vanishing gradients problem while also
resolving the majority of the preceding activations function problems. In the negative

area, it offers a clearly defined gradient and inhibits

Moreover, it works well in transformer models and prevents neurons from dying
[Buss, 2023]. The approximate formula for the GELUV is as follows:

™

GELU(z) = 0.52 (1 + tanh [ﬂ (= + 0.04471523)D (1.8)

Softmax

A combination of several sigmoid functions is the softmax function. Since a sigmoid
function yields values between 0 and 1, as is known, these can be interpreted as
probabilities of data points in a specific class. Softmax function can be used for
multiclass classification problems, in contrast to sigmoid functions, which are utilized
for binary classification. The function yields the probability for each data point
across all individual classes. It is able to be stated as:

e~

= Z] er

Softmax(z);
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The number of neurons in the network’s output layer will match the number of classes

in the target when we construct a network or model for multiple-class classification.

Sigmoid Leaky ReLU
1 9(2) = max(ez, 2)
9@ = 130= . ’
e withe < 1

1

Figure 1.10: Commonly used activation functions

o The cost (loss) functions

To adjust the weights connecting neurons, neural networks utilize the backpropagation
technique based on the cost function, also known as the error function. The cost function
represents the overall performance of the global network, typically measured by the av-
erage difference between the output and the expected output for a training sample. The
cost function depends on network weights, biases, and a specific training sample paired

with its expected value. Examples of commonly used cost functions include:

— Mean Squared Error (MSE)

Also known as the Quadratic cost function or maximum likelihood, it serves as the
default choice for regression problems. The formula to calculate MSE is given by
Equation 1.9:
1N
MSE == (yi — §:)° (1.9)
N
MSE represents the Mean Squared Error, N is the total number of inputs in the
training sample, y represents the observed target value, §§ represents the predicted

value.

— Cross-Entropy cost function (CE)

This function, which is also referred to as negative log-likelihood loss, is frequently
employed in machine learning for categorization issues. It calculates the discrep-
ancy between the target variables’ actual distribution and the projected probability

distribution. Equation 1.10 describes the cross-entropy formula:

c
CE=—>_ yilog(f) (1.10)
i=1
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CE represents the Cross-Entropy, C is the number of classes given in the dataset, y

represents the observed target value, 4§ represents the predicted value.

1.4.2.2 Convolutional Neural Networks (CNN )

In the realm of DL, CNN is the most well-known and often utilized algorithm [Li et al., 2021,
Tome et al., 2016]. CNN’s primary advantage over its predecessors is its ability to identify key
information automatically and without human assistance. CNNs are extensively used in many
domains, including voice processing, facial recognition, computer vision, and more. Neurons in
the brains of humans and animals influence the structure of CNNs, just like in a typical neural
network. CNN replicates the intricate cell sequence that makes up a cat’s brain’s visual cortex.
Three major benefits of CNN were noted by Goodfellow [Goodfellow et al., 2020]: parameter
sharing, sparse interactions, and comparable representations.CNN utilizes shared weights and
local connections to fully utilize 2D input data structures, such as image signals, in contrast to
conventional Fully Connected (FC) networks. This method requires a relatively small amount of
parameters, which makes it easier and faster to train the network. This is analogous to the visual
cortex’s cells. It’s interesting to note that these cells only see small portions of a scene rather
than the full image; in other words, they act like local filters over the input, spatially extracting
the available local correlation. The Multi-Layer Perceptron (MLP) [Pedregosa et al., 2011] and a
common variant of CNN are comparable in that they have many convolution layers, subsampling
(pooling) levels, and FC layers as the final layers. A CNN architecture for image categorization
is shown in Figure 1.11. The input (x) for each layer in a CNN model is organized in three
dimensions: depth, breadth, and height, or(m x m x r), where m is equal to w. The channel
number is another name for the term “depth”. For example, the depth (r) in an RGB image is

three.
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Figure 1.11: The elements of CNN
[Taye, 2023]

§

Each convolutional layer has several kernels, or filters, denoted by k. These have three
dimensions (n X n X ¢), which is similar to the input image; the only differences are that n must
be less than m and ¢ must equal or be less than r. Furthermore, the kernels provide the basis
for the local connections, which are convolved with input as previously mentioned and have
similar properties (bias b* and weight ") to generate k feature maps h* of size (m —n + 1).
Equation 1.11 illustrates how the convolution layer, like NLP, creates a dot product between its
input and the weights, but with smaller inputs than the original picture size. Next, we achieve
the following by incorporating nonlinearity or an activation function into the convolution layer’s

output:

(R = fWV* x 2 + b)) (1.11)

After that, every feature map in the layers of subsampling is downsampled. As a result, the
network’s parameters are reduced, hastening the training process and making the overfitting
issue easier to solve. For each feature map, a neighboring region of size (p X p), where p is the
kernel size, is subjected to the pooling function (such as maximum or average). After receiving
the mid- and low-level data, the FC layers produce the high-level abstraction, which is equivalent
to the layers seen in the final stages of a typical neural network. The final layer, such as SoftMax
or Support Vector Machines (SVMs), generates the categorization scores [Du and Sun, 2005].

The likelihood of a certain class for a given event is reflected in each score.
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1.4.2.3 Recurrent Neural Network (RINN)

A family of neural networks called Recurrent Neural Networks, or RNNs [Venugopal, 2019], is
used to analyze sequential input. It is unique in that it can store its past and use it to make
predictions (see Figure 1.12). The RNNs use an internal state (which serves as the role) to do
this. of a memory) where each output is kept track of. Thus, the present state’s (decision’s) hy
output is dependent on the previous h;—1 output(s).

As a result, the current state’s formula is shown as follows:
he = f(he—1,24) (1.12)
Using TanH, the activation function:
hy = tanh(Wyphi—1 + Wheay) (1.13)
After calculating the current state, we can now compute the output state as follows:
yr = Wynhy (1.14)

Where: x; is the current input, h;—; is the previous state, Wiy, Wy, are the weights at the
previous hidden state and current input state, respectively, and Wy, is the weight at the output

state.
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Figure 1.12: The architecture of both the unfolded and simple Recurrent Neural Networks
(RNNs)
[Venugopal, 2019]

The LSTM model, introduced by Hochreiter and Schmidhuber in 1997

[Hochreiter and Schmidhuber, 1997], incorporates three gates in each unit: a forget gate, an
input gate, and an output gate. The output gate combines short-term and long-term memory
to create the present memory state, the forget gate removes out-of-date memory, and the input
gate takes fresh data. On the other hand, the GRU was put forth by Chung et al. in 2014
[Chung et al., 2014].
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1.4.2.4 Long Short-Term Memory Model(LSTM)

A type of temporal cyclic neural network called a Long Short-Term Memory network (LSTM)
was created expressly to solve the long-term dependency problem with a standard RNN (Re-
current Neural Network) [Gers et al., 2000]. In an LSTM network, memory units take the role
of the hidden layer neurons of a conventional RNN network. The input, forgetting, and output
gates that make up the memory unit’s architecture can allow the networks to either retain or
erase important data at each time step. An LSTM recurrent network has emerged as one of the
top candidate networks in several fields, including speech recognition and language translation,
due to its ability to learn temporal correlations. Because these time correlations are dependent
on the unpredictable and hard-to-understand behavior of the population, they are frequently ob-
served in power consumption loads. The LSTM network is designed to extract load phases from
incoming power consumption profile patterns, store these states in memory, and then forecast
based on the acquired information in the case of electrical load forecasting [Kong et al., 2017].

An LSTM cellblock’s construction is depicted in Figure 1.13.

LSTM Memory Cell

P

@

Figure 1.13: A block diagram framework for long-term short-term memory
[Abumohsen et al., 2023]

As seen in Figure 1.13, the input gate functions as a filter, excluding any input that is
unnecessary for the unit. The forget gate aids in the device’s ability to erase any data that was
previously kept in memory. This facilitates the unit’s ability to concentrate on the fresh data it
is getting. The output gate determines whether or not the contents of the memory cell at the
output of the LSTM unit should be made public. It has the option to either reveal the contents
or not. Because of its sigmoid activation function, this gate can only output a value in the range

of 0 to 1. This aids in limiting the gate’s output.

1.4.2.5 Gate Recurrent Unit model(GRU)

A gating technique for recurrent neural networks called Gated Recurrent Units (GRUs) was
developed in 2014 [Cho et al., 2014]. Since it does not include an output gate, the GRU is

comparable to an LSTM with a forget gate but has fewer parameters. In certain tasks such
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as voice signal modeling, polyphonic music modeling, and natural language processing, GRU
performed better than LSTM [Su and Kuo, 2019]. On smaller and less frequent datasets, GRUs
have been shown to perform better [Gruber and Jockisch, 2020]. The schematic and structural
representation of GRU, an advancement over the hidden layer of the traditional RNN, is shown
in Figure 1.14. An update gate, a reset gate, and a temporary output are the three gates that

comprise a GRU. The following are the related symbols:

Gate Recurrent Unit - GRU

N
bed

Figure 1.14: Structure of GRU
[Abumohsen et al., 2023]

e The network input at time t is represented by variable xt.

o The information vectors ht and h; represent the temporary output and the hidden layer

output at moment t, respectively.

e The gate vectors zt and rt, which represent the output of the update gate and the reset

gate at instant t, respectively, are variables.

e (X) and tanh (x) indicate the sigmoid and tanh activation functions, respectively.

1.5 Transformers

Transformer[Vaswani et al., 2017] architecture, has emerged as a dominant deep-learning model
with wide-ranging applications across various domains. Initially designed for sequence-to-sequence
tasks [Sutskever et al., 2014] like machine translation, Transformer has evolved into a versa-
tile framework utilized in Natural Language Processing (NLP), Computer Vision (CV), speech
processing, and beyond. Transformer-based Pre-trained Models (PTMs) have demonstrated
exceptional performance across diverse tasks, solidifying the Transformer’s status as a go-to ar-
chitecture in NLP, particularly for PTMs. Beyond language-related applications, Transformer
has found utility in CV, audio processing, chemistry, life sciences, and other disciplines. The
success of the Transformer has led to the development of numerous variants, often referred to

as X-formers, aimed at enhancing the vanilla Transformer from various angles:
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e Model efficiency: Processing long sequences efficiently poses a significant challenge
for Transformer due to the computational and memory complexities of the self-attention
module. Techniques such as divide-and-conquer strategies and lightweight attention (e.g.,
recurrent and hierarchical mechanisms) are examples of improvement methods that con-

centrate on increasing efficiency.

e Model generalization: The flexibility of the Transformer architecture, coupled with
minimal assumptions on the structural bias of input data, makes it challenging to train on
small-scale datasets. Strategies for enhancing generalization include introducing structural

bias or regularization and pre-training on large-scale unlabeled data.

e Model adaptation: This line of research aims to tailor the Transformer architecture to
specific downstream tasks and applications by adapting its components accordingly, such

as fine-tuning or modifying the model’s architecture to better suit the target task.

1.5.1 Vanilla transformer

The vanilla transformer|[Vaswani et al., 2017], is a sequence-to-sequence architecture comprising
an encoder and a decoder, each consisting of a stack of L identical blocks. In each encoder block,
there’s a multi-head self-attention module and a position-wise Feed-Forward Network (FFN). To
construct a deeper model, a residual connection [He et al., 2016] is utilized around each module,
followed by layer normalization [Ba et al., 2016]. Compared to the encoder blocks, the decoder
blocks have cross-attention modules that connect the position-wise FFNs with the multi-head
self-attention modules. Additionally, the self-attention modules in the decoder are adjusted to
prevent each position from attending to subsequent positions. The overall architecture of the
vanilla transformer is depicted in Figure 1.15. We will outline the essential elements of the

vanilla transformer in the next subsection.
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Figure 1.15: An overview of the architecture of the vanilla transformer
[Lin et al., 2022]

1.5.1.1 Attention modules

Transformer uses the Query-Key-Value (QKV) model as its attention mechanism. With queries
Q € RNXDk keys K € RM*Pk and values V € RM*DPv ag packed matrix representations, the
scaled dot-product. Transformer uses the following formula to calculate attention:

T

. QK
Attention(Q, K, V) = softmax | —— | V = AV, 1.15
(@.K.V) ( m) (1.15)

where N and M represent the lengths of queries and keys (or values) respectively, while Dy,
and D, indicate the dimensions of keys (or queries) and values. The attention matrix, denoted

as A and often referred to as the softmax attention, is computed as follows:

-
A = softmax QK
V Dy,

Here, softmax is applied in a row-wise manner to the dot-products of queries and keys, divided

by v/Dj, to alleviate the gradient vanishing problem. The Transformer model adopts multi-head
attention instead of a single attention function. In this approach, the original queries, keys,
and values, each of dimension D,,, are projected into Dy, Dy, and D, dimensions respectively,
using H different sets of learned projections. For each set of projected queries, keys, and values,

attention is computed independently according to Equation (1.15). Subsequently, the model
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concatenates all the outputs and projects them back to a D,,-dimensional representation, thereby

enhancing its ability to capture diverse relationships and patterns in the input data.

MultiHeadAttn(Q, K, V) = Concat(heady, . . ., head; )W (1.16)

where head; = Attention(QW, KWE vwY) (1.17)

7

In the Transformer framework, there are three distinct types of attention mechanisms uti-

lized based on how queries and key-value pairs are sourced:

Self-attention: Within the Transformer encoder, Q = K = V = X in Equation (1.16),
where X denotes the outputs of the preceding layer.

Masked self-attention: In the Transformer decoder, self-attention is restricted so that
queries at each position can solely attend to key-value pairs up to and including that posi-

tion. To enable simultaneous training, a mask function is typically applied to the unnormalized

attention matrix A = exp (Q—\/I%), where any prohibited positions are suppressed by setting
Aij = —oo if ¢ < j. This specific form of self-attention is often known as autoregressive or

causal attention (This word appears to have been taken from the causal system, in which the

output is dependent on inputs received in the past and present but not in the future).

Cross-attention: Queries emanate from the previous (decoder) layer’s outputs, while keys

and values are derived from the encoder’s outputs.

1.5.1.2 Position-wise FFN

The position-wise Feed-Forward Network 'FFN’ (Since the parameters are shared by all posi-
tions, two convolution layers with a kernel size of one can also be regarded as the positionwise
FFN) is a component within the Transformer architecture. It functions as a fully connected feed-
forward module that operates independently on each position in the sequence. The operation of

the FFN can be expressed as:

FFN(H') = ReLUH'W! + b})W? 4 b? (1.18)

Here, H' represents the outputs from the previous layer, and W' € RPm*Pr W2 ¢ RPs*Dm
b' € RPf, and b? € RP™ are trainable parameters. Typically, the intermediate dimension D I
of the FFN is set to be larger than D,,. This position-wise FFN allows each position in the
sequence to undergo nonlinear transformations independently, facilitating the capture of complex

patterns and relationships within the input data.
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1.5.1.3 Residual connection and normalization

The transformer uses layer normalization [Ba et al., 2016] after a residual connection [He et al., 2016]

around each module to create a deep model. As an illustration, every transformer encoder.

H' = LayerNorm(SelfAttention(X) + X) (1.19)

H = LayerNorm(FFN(H') + H') (1.20)

is one way to write this block, where SelfAttention(-) stands for the self-attention module

and LayerNorm(-) for the layer normalization operation.

1.5.1.4 Position encodings

The transformer is unaware of positional information because it does not use convolution or
recurrence (particularly for the encoder). To indicate the ordering of tokens, more positional

representation is therefore required.

1.5.2 Model usage
In general, there are three ways to use the Transformer architecture:

e The encoder-decoder. There is use of the complete Transformer architecture as described
in Section 1.5. Sequence-to-sequence modeling, such as neural machine translation, fre-

quently uses this.

e Just the encoder. There is only one encoder employed, and the input sequence is repre-
sented by the encoder’s outputs. Natural Language Understanding (NLU) tasks, such as

text classification and sequence labeling, frequently use this.

e Just the decoder. All that is utilized is the decoder; the encoder-decoder cross-attention

module is eliminated. Usually, sequence generation (like language modeling) uses this.

1.5.3 Model analysis

We examine the two main parts of the Transformer—the self-attention module and the position-
wise FFN in Table 1.2 to show the calculation time and parameter needs of the Transformer.
Assuming that D is the model’s hidden dimension D,,, and assuming that the length of the input
sequence is T'.the dimension of keys and values is set to D/H, while the intermediate dimension
of FFN is set to 4D. The hidden dimension D predominates in the complexity of position-
wise FFN and self-attention when the input sequences are short. The transformer’s bottleneck
is therefore located in FFN. Nevertheless, the sequence length T progressively takes over the
complexity of these modules as the input sequences get longer, at which point self-attention

becomes.
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Table 1.2: Complexity and parameter counts of position-wise FFN and self-attention

Module Complexity | #Parameters
Self-attention O(T?- D) 4D?
Position-wise FFN | O(T - D?) 8D?

in Table 1.3 highlights The maximum path lengths for various layer types, the minimum
number of sequential operations, and the per-layer complexity. The sequence length is repre-

sented by T', the representation dimension by D, and the kernel size of convolutions by K

Table 1.3: Maximum Path Lengths, Minimum Sequential Operations, and Per-Layer
Complexity for Various Layer Types[Vaswani et al., 2017]

Layer type Complexity | Sequential operations | Maximum path length
Self-attention O(T?- D) O(1) O(1)
Fully connected | O(T? - D?) O(1) O(1)
Convolutional | O(K - T - D?) O(1) O(logy (T))
Recurrent O(T - D?) o(T) o(T)

The Transformer bottleneck. Furthermore, the computation of self-attention requires the
storage of a T' x T" attention distribution matrix, which renders Transformer computation unfea-
sible in long-sequence applications (such as lengthy text documents and pixel-level modeling of
high-resolution images). It will be evident that the objective of raising the long-sequence com-
patibility of self-attention, as well as the computation and parameter efficiency of position-wise

FFN for typical settings, are typically correlated with the Transformer’s efficiency.

1.5.4 Comparing transformers to other network types

In this section, we delve into the distinguishing features and performance characteristics of the
Transformer architecture relative to other prevalent network types. Our focus is twofold: we
first analyze the self-attention mechanism, a cornerstone of the Transformer model, and then
examine the inductive biases that differentiate Transformers from recurrent and convolutional

networks, as well as Graph Neural Networks (GNNs).

1.5.4.1 Analysis of self-attention

Self-attention, a pivotal component of the Transformer architecture, offers a versatile solution for
handling variable-length inputs. It can be conceptualized as a fully connected layer wherein the
weights are dynamically determined based on pairwise relations among the inputs. A comparison

in Table 1.3 highlights the complexity, sequential operations, and maximum path length of
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self-attention against three commonly used layer types. The advantages of self-attention are

summarized as follows:

e Equipped with the same maximum path length as fully connected layers, self-attention
excels in modeling long-range dependencies. It surpasses fully connected layers in terms

of parameter efficiency and adaptability to variable-length inputs.

o Unlike convolutional layers, which necessitate deep network stacking to achieve a global
receptive field due to their limited receptive field, self-attention maintains a constant
maximum path length. This property enables self-attention to effectively model long-

range dependencies without the need for additional layers.

¢ The consistent number of sequential operations and maximum path length inherent to self-
attention render it highly parallelizable and superior in capturing long-range dependencies

compared to recurrent layers.

1.5.4.2 1In terms of inductive bias

Transformers are frequently contrasted with recurrent and convolutional networks. The induc-
tive biases of translation invariance and locality with common local kernel functions are known to
be imposed by convolutional networks. Similar to this, recurrent networks’ Markovian structure
carries the inductive biases of locality and temporal invariance [Battaglia et al., 2018]. Con-
versely, the Transformer architecture makes few assumptions regarding the data’s structural
information. The transformer has a flexible and universal architecture as a result. As a byprod-

uct, Transformer is more likely to overfit small-scale data because of the absence of structural
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Figure 1.16: Categorization of Transformer variants
[Lin et al., 2022]

Graph Neural Networks (GNNs) with message passing are another sort of network that is
closely linked [Wu et al., 2020]. Consider a Transformer as a GNN defined over a fully directed
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graph (with self-loop) in which every input is represented by a graph node. The primary distinc-
tion between Transformer and GNNs is that Transformer passes messages based only on content

similarity measures, introducing no prior knowledge about the structure of the incoming data.

1.5.5 Transformers model

In this section, we explore the application of Transformer models across different domains, specif-
ically focusing on computer vision and audio processing. The Transformers has revolutionized
these fields by introducing innovative architectures and training methodologies that significantly

enhance performance and efficiency.

1.5.5.1 Computer vision

The Vision Transformer (ViT) pioneered convolution-free approaches in computer vision. It em-
ploys a conventional Transformer encoder but innovatively treats images by segmenting them
into fixed-size patches, akin to tokenizing sentences. Leveraging the efficiency of Transformers,
ViT delivered competitive performance compared to CNNs while demanding fewer computa-
tional resources. Subsequently, the Swin Transformer emerged, constructing hierarchical feature
maps from patches and merging them in deeper layers, resembling CNNs. Attention is confined
to local windows, enhancing model learning. Similarly, SegFormer utilizes a Transformer encoder
for hierarchical feature mapping but incorporates an MLP decoder for prediction synthesis.

Drawing from BERT’s pretraining strategies, models like BelT and ViTMAE adopt masked
image modeling, where patches are randomly masked for pretraining. BelT predicts visual
tokens corresponding to masked patches, while VITMAE predicts pixels from masked tokens,
with 75% of patches masked. Notably, after pretraining, ViIiTMAE discards the decoder, leaving
the encoder ready for downstream tasks.

In decoder-centric models, like ImageGPT, the architecture mirrors text generation models
like GPT-2, predicting pixels instead of tokens, suitable for tasks like image generation and
potentially image classification post-finetuning. In encoder-decoder frameworks, common in
vision models, the encoder extracts crucial image features and passes them to a Transformer
decoder. For instance, DETR utilizes a pretrained backbone and a full Transformer encoder-
decoder setup for object detection. The encoder learns image representations, combined with
object queries in the decoder, predicting bounding box coordinates and class labels for each

object query.

1.5.5.2 Audio

The Wav2Vec2 model employs a Transformer encoder to directly learn speech representations
from raw audio waveforms. Through pretraining with a contrastive task, it distinguishes true
speech representations from false ones. Similarly, Hubert utilizes a Transformer encoder but

follows a distinct training approach. It generates target labels through a clustering step, wherein
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segments of similar audio are grouped into clusters, serving as hidden units, which are then
mapped to embeddings for prediction.

In encoder-decoder architectures, Speech2Text is tailored for Automatic Speech Recognition
(ASR) and speech translation. Utilizing log mel-filter bank features extracted from audio wave-
forms, it is trained to generate transcripts or translations autoregressively. Whisper, another
ASR model diverges from conventional approaches by pretraining on a vast dataset of labeled
audio transcriptions for zero-shot performance. Notably, a significant portion of this dataset
includes non-English languages, enabling Whisper’s application in low-resource language sce-
narios. Structurally akin to Speech2Text, Whisper encodes the audio signal into log-mel spec-
trograms using the encoder, while the decoder generates transcripts autoregressively based on

the encoder’s hidden states and previous tokens.

1.6 Transfer learning

A model is trained on a specific domain using labeled data that matches the specified domain in
classical supervised learning. Training and testing sets from the same domain or feature space
make up the data. For instance, datasets containing annotated photos of several car types are
necessary for a machine-learning model to identify distinct car types. When there are insufficient
training data available, the supervised learning paradigm collapses. The quantity, caliber, and
accuracy of the labeled data determine the model’s dependability. For example, an item captured
at night cannot be classified by a classification model trained on photographs captured during the
day. Since the model has not been exposed to the new domain, its accuracy and performance
significantly declined. In specific situations, as when gathering data is costly and risky or
there is insufficient data available [Weiss et al., 2016], the model’s performance and accuracy
deteriorate. When the domain and feature space is the same, other machine learning techniques
operate accurately. Nevertheless, the learner models must be retrained to accommodate the new
domain when the domain changes. Although it rarely necessitates starting over from scratch
or involves the collection of new training data, this retraining procedure is frequently costly in
terms of testing and computational effort. With the training that transfer learning offers in
these situations, knowledge transfer from one domain to another is feasible. When compared to

conventional machine learning methods, transfer learning offers several advantages.

e While traditional methods rely on data, transfer learning uses pre-trained models as a

starting point, hence it needs less training data to train the model.

o Transfer learning-trained models can readily generalize to previously unexplored domains.
This is so because models for transfer learning are taught to recognize characteristics that

can be used in an unknown context or domain.

e Machine learning and deep learning might become more widely available with the help of

transfer learning.
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o Transfer learning offers an optimal starting point, increased learning accuracy, and quicker

training for new domains in contrast to other learning approaches.

As previously indicated, transfer learning appears to offer a more precise model for novel,
unknown learning challenges and permits the repurposing of previously developed pre-trained
models as a foundation. By avoiding common mistakes, researchers and developers can create
innovative, game-changing deep learning and machine learning solutions. The use of costly and
time-consuming data collection, cleaning, annotation, and training processes is eliminated via
transfer learning. To develop a subject-specific model for removing emotional content from
facial datasets, Martina et al. integrated several pre-trained models [Rescigno et al., 2020]. One
reason to employ transfer learning is the aforementioned advantages. While the transfer learning
technique aims to transfer knowledge from one learning system to another, Figure 1.17 illustrates
how standard machine learning systems learn individual tasks from the start. Transfer learning

techniques fall into three main categories: inductive, unsupervised, and transductive.

Traditional Machine Learning Transfer Learning
Source Task Ts Source Task Ts Source Task Ts Target Task Ty
@ ] (J ] A
[ X ) e (X ) ae AA

Learning System

Learning System Learning System Knowledge e——> Learning System

Figure 1.17: Traditional versus transfer learning methods’ learning processes
[Ranaweera and Mahmoud, 2021]

o Inductive transfer learning: This occurs when there isn’t much-labeled data available to
be used as target domain training data. In this instance, the creation of an objective
model requires some labeled data. This transfer learning approach seeks to enhance the

intended function.

e Unsupervised transfer learning: This occurs when the source and target tasks are related

but distinct, yet no labeled training data are available from the source and target domains.

e Transductive transfer learning: This refers to the situation in which the source domain

has more data accessible while the target domain has no labeled data.
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1.7 Conclusion

In this chapter, we explored various Al learning approaches, from traditional methods to ad-
vanced deep learning techniques like transfer learning and transformers. These methods have
numerous applications in daily life, particularly in speech emotion recognition. In the next chap-
ter, we will examine the state-of-the-art advancements in speech emotion recognition, detailing

the latest research and technologies in this exciting field.
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Chapter 2

State of the Art of Speech Emotion

Recognition

2.1 Introduction

Speech emotion recognition (SER) enhances human-computer interactions by analyzing vocal
characteristics to identify emotional states. This chapter explores this field, starting with dif-
ferent emotion models, such as the discrete and dimensional models. We will then discuss the
sensors used for emotion recognition, the SER process, relevant datasets, and the applications
of this technology. Additionally, we will review the evaluation metrics for SER and highlight

recent works in the field.

2.2 Emotion models

The foundation of emotion recognition lies in defining emotion, a concept introduced by Ekman
in the 1970s [Ekman, 1971]. Currently, two prevalent emotion models are recognized: The

discrete emotion model and the dimensional emotion model.

2.2.1 Discrete emotion model

Darwinian evolution posits that emotions are fundamental, corresponding to discrete and el-
ementary action responses [Darwin and Prodger, 1998]. Emotion, seen as distinct responses
or behavioral tendencies, is categorized into limited groups by the discrete emotion model
[Ekman et al., 1969]. The discrete emotion model categorizes human emotions into limited
types, encompassing happiness, sadness, fear, anger, disgust, surprise, etc. The number of basic
emotions varies across theories, ranging from two to eight. These models share common features,
viewing emotions as mental and physiological processes triggered by awareness of developmen-
tal events. Emotions induce changes in internal and external signals, associated with a fixed

set of actions. Ekman identified seven characteristics to distinguish basic emotions, including
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autonomous evaluation, specific antecedent events, and rapid onset. Plutchik’s wheel model

further distinguishes eight basic emotions based on intensity [Plutchik, 2003].

Figure 2.1: Piutchik’s wheel model
[Plutchik, 2003]

2.2.2 Dimensional emotion model

Dimensional emotion models conceptualize emotions as vectors within a fundamental dimen-
sional space, simplifying research and measurement of complex emotions. Core emotions are
often expressed in two or three dimensions. The two-dimensional arousal-valence model gauges
valence, reflecting positive or negative emotion evaluation, and arousal, indicating emotional in-
tensity. However, two-dimensional models struggle to consistently distinguish core emotions
with similar arousal and valence, such as anger and fear. To address this, a new dimen-
sion is introduced. The renowned three-dimensional pleasure, arousal, and dominance (PAD)
model [Bakker et al., 2014], proposed by Mehrabian and Russell through the study of envi-
ronmental psychology methods [Mehrabian and Russell, 1974] and the feeling-thinking-acting
[Bain, 1864]model, as shown in Figure 2.2.
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Figure 2.2: PAD 3D emotion model
[Bakker et al., 2014]

Dominance signifies control or position, indicating the submissiveness of a specific emotion.
While the dimensional emotion model adeptly identifies core emotions, it may lose nuances for

certain complex emotions.

2.3 Sensors for emotion recognition

Sensors for Emotion Recognition utilize various modalities such as physiological, visual, radar,
audio, and textual signals. These sensors play a pivotal role in understanding human emotions by
capturing and analyzing data from bodily responses, facial expressions, vocal tones, and written
communications. In this discussion, we will focus specifically on audio sensors, exploring their

significance and applications in deciphering emotional states.

o Visual sensor: A visual sensor [Li and Deng, 2020] is a device capable of capturing visual
information, such as images or videos, to detect and analyze facial expressions, body
language, and other visual cues associated with emotions. It is commonly used in facial

expression recognition systems.
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Figure 2.3: Facial expression recognition process
[Cai et al., 2023]

o Radar sensors: Radar sensors [Gouveia et al., 2020] use radio waves to detect and track

objects’ motion, including subtle movements of the human body. In emotion recognition,
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radar sensors can capture physiological responses like chest movements associated with

breathing and heartbeats, providing valuable data for analyzing emotional states.

» Physiological sensors: Physiological sensors [Egger et al., 2019] measure various physio-
logical signals, including heart rate, skin conductance, brain activity (via EEG), muscle
activity (via EMG), and respiratory rate. These sensors detect changes in the body’s

physiological responses, which correlate with different emotional states.
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Figure 2.4: Physiological signals detected by other physiological sensors
[Cai et al., 2023]

o Textual sensors: Textual sensors [Deng and Ren, 2021] analyze written or textual con-
tent, such as emails, chat messages, or social media posts, to extract linguistic features
and sentiment analysis. These sensors identify emotional content, sentiment, and mood

expressed through written communication.

e Audio sensor: Language, a cornerstone of human culture, facilitates self-expression and
communication. Speech recognition [Hinton et al., 2012] has driven the evolution of Speech
Emotion Recognition (SER) [Martin et al., 2016]. Recognizing emotions in information
is pivotal for effective artificial intelligence engagement in dialogue. Applications of
SER include call center dialogues, automatic response systems, autism diagnosis, etc.
[Schuller, 2018].

2.4 Speech emotion recognition process

Selecting the appropriate method is pivotal for enhancing the accuracy of emotion recognition

[Canal et al., 2022]. Figure 2.5 illustrates the speech emotion recognition process.
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[Kakuba et al., 2022]
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Signal preprocessing aims to enhance signal quality and diminish noise. Feature extraction
focuses on identifying distinctive features in different signals, thereby reducing the computational
load for classification. Classification involves applying the extracted features to a specific model,

ultimately yielding the corresponding emotion through comprehensive analysis.

2.4.1 Signal preprocessing

In emotion recognition from various sensors, signal preprocessing is a critical initial step aimed
at mitigating noise impact during the early stages [Kartali et al., 2018].

In audio signal preprocessing

Silent frame removal is employed to eliminate frames below a predetermined threshold,

reducing computational consumption [Nema and Abdul-Kareem, 2018].
e Pre-emphasis compensates for high-frequency components.

e Regularization adjusts the signal to a standard level, diminishing the influence of different

environments.
» Windowing prevents signal edge leakage during feature extraction [Beigi, 2011].

» Noise reduction algorithms, such as Minimum Mean Square Error (MMSE), are applied

to reduce background noise.

2.4.2 Feature extraction(signal representation)

In feature extraction for speech emotion recognition, there are two types of feature extraction:
the first is manual feature extraction, such as MFCCs and spectrograms, and the second is

automatic feature extraction, which uses deep learning tools. Here are some examples:

Univ-Skikda/Artificial Intelligence: 202/ 51



State of the Art of Speech Emotion Recognition

Linear Predictor Coefficients (LPC) [Wong and Sridharan, 2001]: LPC, rooted
in a speech production model, utilizes an all-pole filter to characterize vocal tract characteris-
tics, representing the smooth envelope of the speech logarithmic spectrum. Computed directly
from windowed speech segments through autocorrelation or covariance methods, LPC efficiently
estimates speech parameters. In [Bandela and Kumar, 2018], authors combined TEO and LPC
features for T-LPC extraction, achieving precise recognition of stress speech signals with an
accuracy of 82.7% (male) and 88% (female) on the Emo-DB dataset. [Idris and Salam, 2015]
proposed a spectral coefficient optimization method based on LPC, achieving an 88% accu-
racy on the Emo-DB dataset, showcasing a 4% improvement through comparative experi-
ments. [Feraru and Zbancioc, 2013] measured emotion recognition accuracy with introduced
LPC coefficients, achieving 78% accuracy on the SROL dataset using only LOC coefficients.
In [Dey et al., 2020], authors proposed a meta-heuristic feature selection model utilizing LPC

features, reaching accuracy rates of 97.31% on SAVEE and 98.46% on Emo-DB datasets.

Teager Energy Operator(TEO)[Bahoura and Rouat, 2001]: TEO, a potent
nonlinear energy operator, extracts signal energy based on mechanical and physical consid-
erations, particularly effective for capturing features during stressed speech. It measures speech
non-proximity by analyzing signal characteristics in both frequency and time domains. In
[Aouani and Ayed, 2020], authors proposed a two-stage emotion recognition system using TEO,
enhanced by autoencoders, achieving a 74.07% accuracy on the RML dataset. [Li et al., 2010]
introduced the EMD-TEO model, demonstrating robust feature extraction and significant im-
provement in speech emotion recognition, with an 81.34% accuracy on the EMO-DB dataset.
In [Bandela and Kumar, 2017], TEO and MFCC were fused into T-MFCC feature extraction,
showcasing superior performance, especially in identifying stressful emotions, with a 93.33%
accuracy on the EMO-DB dataset. Additional widely used techniques for extracting features
from voice signals are Short-time Coherence (SMC) and Fast Fourier Transform (FFT), Prin-
cipal Component Analysis (PCA) [You et al., 2006], and linear discriminant analysis (LDA)
[Schafer and Rabiner, 1975].

2.4.3 Classification

In classification, we use machine learning and deep learning techniques that we defined in Chap-
ter 1. The classifier can identify various input signals and produce the appropriate emotion
category as an output. The accuracy with which emotions are recognized will depend on the
classifier’s quality.

The trained model step in classification involves: During the training phase, the classifier
learns to recognize patterns and features associated with each emotion category from the la-
beled training data using the machine learning and deep learning techniques defined in Chapter
1. During the classification phase, when a new input signal (e.g., an image, audio signal, or

physiological data) is presented to the trained model, it analyzes the features of this signal and
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compares them to the patterns learned during training. Based on this analysis, the trained

model then assigns the input signal to the corresponding emotion category as output. The

accuracy of the classification depends on the quality of the trained model, which is determined

by several factors, such as the learning algorithm used, the quantity and quality of the training

data, and the model’s ability to generalize and capture the important patterns associated with

each emotion.

2.5 Applications of speech emotion recognition

Emotion recognition across different modalities has indeed found applications in various domains.

Let’s explore some notable ones in the context of speech emotion recognition:

Healthcare and mental health: Telemedicine, mental health monitoring, and assessing

patient well-being during remote consultations.
Customer service: Sentiment analysis in call centers to identify dissatisfied customers.

Human-Computer Interaction (HCI): Emotion-aware voice assistants and personal-

ized gaming experiences.
Education: Adaptive learning systems and language learning tools.
Market research: Analyzing emotional responses to advertisements.

Security and Surveillance: Detecting potential threats by analyzing voice tones in

phone calls or audio recordings.

In-car systems: Information about the driver’s mental state can be provided to the car’s
safety systems to initiate appropriate actions if the driver is detected to be under stress

or experiencing negative emotions.

Automatic translation systems: The emotional state of the speaker plays a crucial
role in communication between parties, so incorporating emotion recognition can improve

translation quality.

Mobile communication: Similar to call centers, emotion recognition can be used to

adapt system responses based on the user’s emotional state.

Diagnostic tool for therapists: Speech emotion recognition can be used to analyze a

patient’s emotional state during therapy sessions.

2.6 Evaluation metrics

Each model was assessed using a variety of evaluation measures, including accuracy, precision,

recall, and Fl-score. A confusion matrix was utilized to identify True-positive (TP), False-

positive (FP), True-negative (TN), and False-negative (FN) predictions for each one.
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Accuracy: The frequency of sound classes that can be precisely ascertained from the full speech
stream is calculated using this metric. The following formula is used to assess whether the results

are accurate: N
1 (TP + TN);
A = — 2.1
ey =N ; (TP + TN + FP 1 FN); (2.1)

Recall: The following equation is used to check recall to determine how many positive cases
the suggested model correctly detects.
1 N

Recall = —

NZ1 TP+FN)

(2.2)

Precision: The following equation is used to verify that the precision approach accurately

detected the real utterances.

. 1L (TP)
PreClSlOH = N ; m (23)

F1-Score: The F1-Score provides a balance between Precision and Recall by taking the har-
monic mean of both. This is particularly crucial when there are class imbalances, as seen in
equation 4:

2 X Precision x Recall

F1-Score = (2.4)

Precision + Recall

The performance of models used for detection, classification, and prediction systems is com-
monly measured using the evaluation matrices used to assess the suggested transformer model.
The performance of models used for detection, classification, and prediction systems is frequently

measured using the evaluation matrices used to assess the suggested transformer model.

2.7 Datasets for speech emotion recognition

Datasets are crucial for data-driven learning, enhancing model performance and robustness in
emotion recognition. Speech emotion recognition datasets are classified into performer-based,
induced, and natural datasets based on their acquisition methods. Performer-based datasets
involve acted emotions, induced datasets capture emotions in controlled environments, and nat-

ural datasets come from real-life conversations.

« IEMOCAP (The Interactive Emotional Dyadic Motion Capture): IEMOCAP
Multimodal Emotion Recognition With two speakers per session, a total of 302 movies overall
from 151 recorded dialogues make up the IEMOCAP dataset. Nine emotions—angry, aroused,
fearful, sad, startled, frustrated, glad, disappointed, and neutral—as well as valence, arousal,
and dominance are marked for each segment. The dataset was captured throughout five sessions

with five speaker pairs.

« RAVDESS (Ryerson Audio-Visual Database of Emotional Speech and Song):
The Riley Audio-Visual Database of Emotional Speech and Song there are 7,356 files in the

Univ-Skikda/Artificial Intelligence: 202/ 54



State of the Art of Speech Emotion Recognition

Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS); the total size is
24.8 GB. Twenty-four professional actors—twelve women and twelve men—vocalize two lexically
matched phrases in a neutral North American accent for the database. Expressions of calm-
ness, happiness, sadness, anger, fear, surprise, and disgust are all present in speech, and similar
emotions are present in songs. Every expression has two emotional intensity levels (strong and
normal), in addition to a neutral expression. Three modalities are offered for all conditions:
Video-only (no sound), Audio-Video (720p H.264, AAC 48kHz,.mp4), and Audio-only (16bit,
48kHz.wav). Take note that Actor 18 does not have any song files.

« CREMA-D (Crowd-Sourced Emotional Multimodal Actors Dataset:) 7,442 orig-
inal footage from 91 actors make up the emotional multimodal actor data collection known as
CREMA-D. The actors in these clips were 48 men and 43 women, ranging in age from 20 to
74, and representing a range of racial and ethnic backgrounds, including African American,
Asian, Caucasian, Hispanic, and Unspecified. Selected from a list of twelve sentences, actors
spoke. Six distinct emotions—Anger, Disgust, Fear, Happy, Neutral, and Sad—as well as four
distinct emotion levels—Low, Medium, High, and Unspecified—were used to convey the sen-
tences. Based on the combined audiovisual presentation, the video alone, and the audio alone,
the participants rated their emotion and emotion levels. Owing to the substantial quantity of
evaluations required, this endeavor was crowdsourced, with 2443 individuals in all rating 90
distinct clips—30 audio, 30 visual, and 30 audio-visual. Over seven ratings are present in 95%

of the clips.

e SAVEE (Surrey Audio-Visual Expressed Emotion): An automatic emotion recog-
nition system requires the recording of the Surrey Audio-Visual Expressed Emotion (SAVEE)
dataset. The database includes 480 British English utterances recorded by 4 male actors in 7
different emotional states. The sentences were phonetically balanced for every mood and se-
lected from the standard TIMIT corpus. The data were analyzed, tagged, and recorded in a
visual media lab equipped with top-notch audio-visual technology. Ten individuals examined
the recordings in auditory, visual, and audio-visual circumstances to assess the quality of per-
formance. Standard characteristics and classifiers were used in the construction of classification
systems for the auditory, visual, and audio-visual modalities; speaker-independent identification

rates of 61%, 65%, and 84% were attained, respectively.

¢« EmoDB (Berlin Database of Emotional Speech): The German Emotion Database,
or EMODB, is openly accessible. The Institute of Communication Science at the Technical Uni-
versity of Berlin, Germany, established the database. Ten expert speakers—five of them male
and five of them female—participated in the data collection process. There are 535 utterances
in all in the database. There are seven emotions in the EMODB database: Anger, boredom,
anxiety, happiness, sadness, disgust, and neutral are the first seven emotions. After being sam-
pled at 48 kHz, the data was down-sampled to 16 kHz.
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« BAVED (Basic Arabic Vocal Emotions Dataset): BAVED is an Arabic speech
dataset containing 1,935 recordings of 7 common words spoken with varying emotion levels by
61 speakers. The words relate to expressing opinions about films. Each word is recorded at
low (0), neutral (1), and high positive/negative (2) emotion levels representing tiredness, nor-
mal speech, and extreme emotions like joy or anger, respectively. With 45 male and 16 female
speakers, the mono 16kHz WAV files provide variety for speech emotion recognition research in
Arabic.

« EMOVO (Emotion in Voice:) EMOVO is relevant to the Italian language. The voices
of up to six actors who spoke 14 lines that simulated the emotions of disgust, fear, rage, joy,
surprise, and sadness in addition to the neutral condition made up the database. These feelings
are the well-known Big Six, which may be found in the majority of emotional speech-related
literature. Professional equipment was used in the laboratories of Fondazione Ugo Bordoni to
make the recordings. The study also details a subjective validation test of the corpus, which
involved two groups of 24 listeners each, and involved emotion-discrimination of two sentences.
The test produced an overall recognition accuracy of 80%, indicating its success. It has been
noted that the easiest emotions to identify are anger, sadness, and the neutral state, whereas
joy and disgust are the hardest to identify.

o« TESS (Toronto Emotional Speech Set):Two actresses, ages 26 and 64, each performed
a set of 200 target words in the carrier phrase ”Say the word ...” The set was recorded depicting
each of the seven emotions (anger, disgust, fear, happiness, pleasant surprise, sorrow, and neu-
tral). In total, there are 2800 data points (audio files). The two female actors and their emotions
are contained under separate folders in the dataset due to their organizational structure. And

all 200 target words audio files can be found within that. The audio file is in the WAV format.

2.8 Recent works on speech emotion recognition

Recent unimodal research on speech emotion identification has concentrated on finding perti-
nent audio characteristics, like fundamental frequency (pitch), duration, bandwidth, and speech
intensity. Speech emotion recognition used techniques like Hidden Markov Models, Gaussian
Mixture Models, and Support Vector Machines before deep learning became widely used. These
methods involved extensive feature engineering, and changing any feature frequently required
rebuilding the system from the ground up. The accuracy of outcomes in controlled situations
increased from about 70% to over 90% with the introduction of deep learning in this field
[Abbaschian et al., 2021]. The field of speech emotion is followed by the diversity of extracted
speech features and the variety of techniques and architectures utilized for acknowledgment.
Because recurrent neural networks can simulate temporal aspects, they have shown good per-

formance, particularly bidirectional long short-term memory networks. This method makes use
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of both audio elements and spoken words. Self-supervised architectures such as Wav2vec2.0,
Whisper, and Herbert have demonstrated encouraging outcomes in voice emotion recognition in
recent years. Using the IEMOCAP dataset, Kakouris et al. [Kakouros et al., 2023] fine-tuned
WavLM and recorded an accuracy of 75%, the best result yet.

In [Koti et al., 2024], the authors propose an Extreme Machine Learning (EML) approach
for SER utilizing the GMM algorithm. EML is a kind of machine learning that achieves great
accuracy at a low computing cost by using randomness. An accuracy of 74.33% was obtained
when the recommended method was measured using The Berlin Database of Emotional Speech
(EMO-DB).

The research by [Xu et al., 2024] provides a new multi-head attention mechanism and GRU
network-based speech emotion recognition model. The suggested model achieves 75.04% and
88.93% unweighted accuracy on the IEMOCAP and Emo-DB datasets, respectively.

In [Singh et al., 2021], hierarchical models have been used, achieving SER accuracies of
81.2%, 81.7%, and 74.5% on the RAVDESS, SAVEE, and IEMOCAP datasets, respectively.
Additionally, when compared to recently reported methods, these results outperformed them.
Thus, the findings indicate that employing a hierarchical deep learning network notably enhances
SER compared to standard unimodal and multimodal systems.

In [Ullah et al., 2023], speech emotions using a Transformer encoder for SER and CNN par-
allelization has been proposed. The effectiveness of the CTENet model for SER is validated by
the experimental findings on two widely used benchmark datasets: IEMOCAP and RAVDESS.
The authors found that their model outperforms the most advanced models in experiments when
it comes to speech emotion recognition, with an overall accuracy of 82.31% and 79.80% for the
benchmark datasets.

In [Al-onazi et al., 2022], the researchers provided a unique transformer model based on the
fusion of 273 acoustic characteristics. Because Arabic vocal emotions have received relatively
little attention in studies, they concentrated on them specifically. The four datasets that this
model was used for are BAVED, EMO-DB, SAVEE, and EMOVO. Comparing the experimental
results to other methods, it was clear that the suggested model performed admirably. On the
BAVED, EMO-DB, SAVEE, and EMOVO datasets, the suggested SER model obtained accuracy
values of 95.2%, 93.4%, 85.1%, and 91.7%, respectively. The BAVED dataset yielded the best
accuracy, suggesting that the suggested model is a good fit for Arabic vocal emotions.

Other studies, as suggested in [Kwon et al., 2021, Wijayasingha and Stankovic, 2021], also
used CNNs and LSTMs to solve the RAVDESS emotion recognition task. These models were
fed either preprocessed features or spectrograms, and the results showed accuracies of 80.00%
and 81%, respectively.

In [Muppidi and Radfar, 2021] for the RAVDESS, IEMOCAP, and EMO-DB datasets, the
model quaternion convolutional neural network obtained an accuracy of 77.87%, 70.46%, and
88.78%, respectively.

The authors of [Kim and Lee, 2023] suggested an approach that uses coordinate information

concatenate to improve ViT-based speech emotion identification. By concatenating coordinate
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information to the input image, the suggested method preserves pixel location information, which
improves CREMA-D accuracy by 82.96% when compared to the state-of-the-art. Consequently,
was demonstrated that the coordinate information concatenates suggested in this paper work
well for Transformers as well as CNNs.

In [Dal Ri et al., 2023], the researchers integrated a CNN-based model with a Convolutional
Attention Block, and they conducted a set of experiments with four English datasets that are
commonly used for SER applications: RAVDESS, TESS, CREMA-D, and IEMOCAP. They first
tested the proposed pipeline on separate datasets, obtaining mean accuracy of 83%, 100%, 68%,
and 63%, respectively. Then, they investigated the generalization capabilities of the extracted
features by conducting a thorough cross-validation between common emotional classes that
belong to single datasets or combinations of them.

In [DONUK, 2022], the author suggested a technique that uses speech data to increase
the accuracy of emotion recognition. This approach uses CNNs to extract additional features
from the MFCC coefficient matrices of voice records in the Crema-D dataset. Particle swarm
optimization was used to identify the features that are crucial for speech emotion categorization,
increasing accuracy by doing so. Furthermore, just 33 attributes instead of 64 were used for every
entry. According to the test findings, CNN produced an accuracy of 62.86%, SVM produced an
accuracy of 63.93%, and CNN+BPSO+SVM produced an accuracy of 66.01%.

In the study by [Mihalache and Burileanu, 2023], several systems based on deep neural net-
works (DNNs) with five levels of complexity were proposed. These included systems leveraging
transfer learning (TL) for modern image recognition models and ensemble classification tech-
niques to enhance performance. The systems were tested on key SER datasets: EMODB,
CREMA-D, and IEMOCAP, for both classification (using full emotion classes and subsets for
forensic applications) and regression (using 2D arousal-valence space). The systems achieved
state-of-the-art results on EMODB (up to 83% accuracy) and competitive performance on
CREMA-D and IEMOCAP (up to 55% and 62% accuracy), especially for negative affective

content.

2.9 Conclusion

In this chapter, we explored the state of the art in speech emotion recognition (SER). We
discussed various emotion models, including the discrete and dimensional models, and examined
the sensors used for capturing emotional data. We outlined the SER process, highlighted the
applications and evaluation metrics for SER systems, and discussed key datasets.

Given the superior results achieved by Transformers, our next chapter will focus on our
speech emotion recognition system utilizing Transformers, detailing its design, implementation,

and performance evaluation.

Univ-Skikda/Artificial Intelligence: 202/ 58



Chapter 3

A Transformers-based Speech

Emotion Recognition System

3.1 Introduction

Speech Emotion Recognition (SER) has emerged as a pivotal area within affective computing,
aiming to decipher emotional cues embedded within speech signals. This chapter presents our
approach utilizing Transformers for SER, presenting a paradigm shift in how speech data is
processed and interpreted. By leveraging the capabilities of Transformers, we aim to enhance the
accuracy and robustness of emotion recognition systems, thereby contributing to advancements

in human-computer interaction and affective computing research.

3.2 System overview

Our system follows a typical machine learning workflow, involving data preparation, model train-
ing, and evaluation. It utilizes pre-trained models and transfer learning to extract features from
emotion datasets. The key components include feature extraction using the Wev2vec pre-trained
Transformer model, dataset splitting, fine-tuning of the HUBERT pre-trained Transformer for
speech emotion recognition task, and emotion classification on input data. The final output is a
predicted emotion class, such as neutral, happy, angry, sad, and others. In addition, our system
allows speaker gender identification (male or female). The system’s performance is evaluated
using accuracy, recall, F1-Score, and precision. The general schema of the proposed framework

is illustrated in Figure 3.1.
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Figure 3.1: Our Proposed Approach

In the following section, we will detail the different components of our system.

3.3 Detailed presentation of our system

This system is designed to recognize emotions from speech. The architecture leverages pre-
trained models (Wav2Vec an HuBERT) through a transfer learning approach to accurately

classify emotional states. Here’s an in-depth look at each component and step involved:

3.3.1 Training phase

The training phase starts with the emotion dataset containing labeled audio samples. We use
the Wav2Vec pretrained Transformer model to extract feature vectors from these audio samples.
Wav2Vec converts raw waveforms into rich, meaningful features.

These feature vectors are then split into training, validation, and test datasets. The training
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dataset is used to train the model, the validation dataset helps tune the model hyper-parameters,
and the test dataset evaluates its performance.

For training, we use the HuBERT (Hidden-Unit BERT) pre-trained model. Hubert is fine-
tuned with the training dataset, learning to map feature vectors to emotional labels. This

fine-tuning process optimizes the model for emotion recognition.

« Emotion datasets: The process of training emotion recognition system begins with col-
lecting and curating emotion datasets, which contain labeled samples representing various
emotional states. These datasets include speech or audio recordings. The primary pur-
pose of these datasets is to provide the raw data necessary for training, validating, and
testing the emotion recognition system, ensuring that the system can accurately learn and
identify different emotions from the input data. In our case, we have used the standard

datasets RAVDESS and CREMA-D for training and evaluation purposes.

o Feature extraction: The feature extraction process involves processing raw data from
the emotion datasets using advanced techniques. Specifically, the pre-trained Wav2Vec
Transformer is employed for this task. Wav2Vec extracts automaticly meaningful feature
vectors, which are numerical representations that capture the relevant information nec-
essary for emotion recognition. These feature vectors are essential as they encode the
critical characteristics of the input data, facilitating the subsequent steps in the emotion

recognition system.

— Pretrained wav2vec 2.0: The wav2vec 2.0 pre-training is conducted in a self-
supervised environment and is comparable to the masked language modeling in
BERT [Devlin et al., 2018]. The model is trained to replicate the quantized lo-
cal encoder representations for masked frames at the output of the contextualized
encoder, after contiguous time steps from the CNN encoder representations are ran-

domly masked.

The training goal is demonstrated in Eq. 3.1, where t is the masked time step, Q; is
the union of candidate representations ¢, which includes ¢; and K = 100 distractors,
and k is the temperature, which is set to 0.1. Sim(c,q) is the cosine similarity
between the contextualized encoder outputs ¢; and the quantized CNN encoder
representations ¢;. The outputs of the local encoder sampled from masked frames
that belong to the same utterance as ¢; are the distractors. Next, the comparative
loss is determined by adding L,, to all of the masked frames. In order to maximize
the utilization of the quantized codebook representations, a diversity loss and an Lo
regularization are applied to the contrastive loss at the conclusion. After a waming
up, the learning rate decays linearly, and Adam [Kingma and Ba, 2014] optimizes
the pre-training process. In order to enhance ASR performance, wav2vec 2.0 is
also adjusted in [Baevski et al., 2020]. A randomly initialized linear projection is

appended to the contextual encoder’s output for ASR fine-tuning, and the CTC
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(Connectionist Temporal Classification [Graves et al., 2006]) loss is reduced. See
[Baevski et al., 2020] for further information about wav2vec 2.0’s pre-training and

fine-tuning.

exp(sim(c, q¢)/K)

Ly, =—1lo ; -
& > geq, exp(sim(ct, §)/k)

(3.1)

« Feature vectors: Feature vectors are the output of the feature extraction step, consisting
of numerical representations that encode the essential characteristics of the input data.
Their primary purpose is to serve as the input for training and evaluation steps, enabling

the system to learn and recognize different emotional states accurately.

o Dataset split: The feature vectors dataset is splited into three subsets: train, validation,
and test. The train set is used for model training, allowing the system to learn from the
data. The validation set is used for tuning hyperparameters and preventing overfitting,
ensuring that the model generalizes well to new data. The test set is used for evaluating
the final model’s performance, providing an objective measure of how well the system can

recognize emotions in unseen data.

— Train set: The train set comprises a portion of the feature vectors and is primarily
used for model training. During this phase, the model learns from the training data
by adjusting its parameters to minimize the predefined loss function. By exposing
the model to a diverse range of input samples, the train set allows the system to
capture the underlying patterns and relationships within the data, thereby improving

its ability to recognize emotions.

— Validation set: The validation set is a separate subset of feature vectors used for
tuning hyperparameters and preventing overfitting. Hyperparameters are parame-
ters that are not directly learned during training but control the learning process.
By evaluating the model’s performance on the validation set, adjustments can be
made to the hyperparameters to optimize the model’s performance and ensure it
generalizes well to new, unseen data. This step is crucial for fine-tuning the model

and improving its robustness.

— Test set: The test set consists of a distinct portion of feature vectors reserved for
evaluating the final model’s performance. Once the model has been trained and
fine-tuned using the train and validation sets, it is evaluated on the test set to
provide an objective measure of how well it can recognize emotions in unseen data.
The test set serves as a critical benchmark for assessing the model’s generalization
capability and its ability to perform accurately in real-world scenarios. By analyzing
the model’s performance on the test set, stakeholders can make informed decisions

about deploying the model in practical applications.
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o Transfer learning of HuBERT on speech emotion dataset: HuBERT (Hidden-
unit BERT) is likely a pre-trained model or framework specifically tailored for audio. Its
purpose is to provide a strong starting point with pre-learned representations that can
be fine-tuned for the specific emotion recognition task, enhancing the model’s ability to

accurately identify and classify different emotional states from the input data.

— Pretrained HuBERT: HuBERT randomly masks CNN-encoded audio features,
just like wav2vec 2.0 does. 39-dimensional MFCC characteristics are subjected to
a k-means clustering in order to provide labels for the initial iteration of HuBERT
pre-training. K-means clustering then operates on the latent characteristics taken
out of the HuBERT model that was pre-trained in the previous iteration in order
to produce better targets for the following iterations. To forecast cluster labels, a
projection layer is placed on top of transformer blocks. When calculating cross-

entropy loss over masked timestamps, the following formula is used:

Lon(f; X AZ® Y, M) = 57 3 togp (57 [ X, 1) (3.2)
teM k

The set of indices to be masked for a length-T" sequence X is indicated by M C [T7],
and a corrupted version of X is indicated by eX = r(X; M), where z; is substituted
with a mask embedding e” if t € M. The masked prediction model f predicts a dis-
tribution py(- | eX: t) given an input of eX over the target indices at each timestep.
In the event that an individual clustering model performs poorly, cluster ensembles
are used to increase target quality; Z() then indicates the target sequences pro-
duced by the k-th clustering model. The same learning rate scheduler and optimizer
used in wav2vec 2.0 are also used in HuBERT pre-training. The projection layer is
eliminated and a randomly initialized softmax layer is added in its stead for ASR
fine-tuning. after which the CTC loss is maximized. For additional information
about the HuBERT pre-training [Hsu et al., 2021].

e Finetuning: Finetuning involves refining the pre-trained HuBERT model on the train
dataset using the feature vectors provided by Wav2Vec. This process entails adjusting the
model’s parameters to better capture patterns in the training data, enhancing its ability
to discern subtle emotional cues. As a result of this refinement, the model becomes
specialized for recognizing emotions based on the input data, enabling it to provide more

accurate and nuanced predictions of emotional states.

e Finetuned model: The finetuned model is the result of the finetuning process, em-
bodying a refined version of the pre-trained HuBERT model specifically tailored for the
emotion recognition task. It serves the purpose of performing accurate emotion classifica-
tion on new, unseen data by leveraging its specialized training to discern and categorize

emotional states with precision and reliability.
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3.3.2 Inference phase

After training, the finetuned HuBERT model is ready to enter the inference phase, where it
applies its learned knowledge to predict emotions in new, unseen speech data. The model pro-
cesses raw speech input through its learned representations to predict emotional states. Inference
doesn’t involve further parameter adjustments; instead, the model utilizes its trained knowledge

to provide accurate assessments of emotions expressed in the speech data.

e Waveform input: Waveform input involves utilizing raw audio data, such as audio
signals or speech recordings, as input for the finetuned model. This raw audio serves as
the primary source for emotion classification tasks, offering real-world samples for the
model to analyze and interpret emotional cues accurately. Its purpose lies in enabling the

model to directly receive and process raw audio input for emotion classification.

¢ Classification:

During the classification phase, the finetuned model analyzes the input waveform data
and assigns an emotion label to each sample, thereby interpreting the emotional con-
tent conveyed in the audio signals or speech recordings. Our system makes possible both
emotion and speaker gender identification. In the output, emotions are represented by spe-
cific emotion classes. The considered emotion classes are: female angry, female disgust,
female fear, female happy, female neutral, female_sad, female surprise, male angry,

male_ disgust, male_ fear, male_happy, male_ neutral, male_sad, male_ surprise.

« Emotion class: Following the classification phase, the output represents the predicted
emotion class or label for the input sample, serving as the final result of the emotion

recognition process.

3.3.3 Evaluation

During the evaluation, the emotion recognition system’s performance is assessed using the test
dataset. Accuracy, recall, precision, and Fl-score are the key metrics employed to measure
its effectiveness. Accuracy indicates the proportion of correctly predicted emotion labels, while
recall gauges the model’s ability to identify all relevant instances of emotion. Precision measures
the accuracy of the model in identifying true instances of an emotion. Additionally, the F1-score
provides a balanced evaluation by considering both precision and recall. We mentioned this in
detail in the previous Chapter 2. This comprehensive evaluation framework ensures a thorough

assessment, guiding decisions regarding the system’s deployment and optimization.

3.4 Experimental results and discussion

In this section, the RAVDESS and CREMA-D datasets, which are used for training and evalu-

ating our model, are first introduced. Then, experiments conducted to optimize model hyper-
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parameters are presented. Finally, our obtained results are compared with the state-of-the-art

results for the problem of speech emotion recognition.

3.4.1 Datasets used

In this study, we conducted an analysis using two datasets: RAVDESS and CREMA-D. These
datasets were introduced in detail in Chapter 2, specifically in Section 2.5.

RAVDESS (Ryerson Audio-Visual Database of Emotional Speech and Song):
o Contains emotional expressions in both speech and song.

e Includes 24 professional actors vocalizing various emotions such as neutral, happy, sad,

angry, fear, surprise, and disgust.
CREMA-D (Crowd-Sourced Emotional Multimodal Actors Dataset):

o Features 91 actors from diverse backgrounds.

o Contains 7,442 clips showcasing a range of emotions including anger, disgust, fear, hap-

piness, sadness, and neutral.

3.4.2 Hyperparameter tuning

For both the RAVDESS and CREMA-D datasets, hyperparameter tuning involves optimizing
parameters learning rate, batch size, and Dropout rate to enhance model performance in emotion

recognition tasks.

3.4.2.1 For RAVDESS dataset

In this part, we present the experimental results of the Hubert pre-trained model for speech
emotion recognition classification. The experiments are conducted to evaluate the performance
of the architecture and identify the components and hyperparameters that allow us to obtain
the best results. The hyperparameters studied are the number of epochs, the learning rate, the
batch size, and the dropout rate. For each experiment, we change the current hyperparameter

value and keep the others unchanged.

¢ Number of epochs

This experiment evaluates the performance of our Hubert-based model across various
epochs to determine the best number of epochs. Table 3.1 presents the accuracy on the

Train, Validation, and Test datasets for different numbers of epochs.

Table 3.1: Accuracy variation according to he number of epochs

Epoch 5 | Epoch 10 | Epoch 15 | Epoch 20 | Epoch 25 | Epoch 30 | Epoch 35 | Epoch 40
Train 83.92% 99.88% 100 100 100 100 100 100
Validation 56.48% 64.81% 63.89% 65.74% 76.85% 77.78% 76.85% 74.07%
Test 61.11% 74.07% 74.07% 74.07% 77.77% 80.55% 82.40% 68.51%
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— Training accuracy: The training accuracy starts at 83.92% at epoch 5 and quickly
reaches 99.88% at epoch 10. From epoch 15 onwards, the training accuracy is 100%.
This indicates that the model learns the training data very quickly and achieves

perfect accuracy by epoch 15.

— Validation accuracy: The validation accuracy starts at 56.48% at epoch 5 and fluc-
tuates but generally increases to 77.78% at epoch 30. There is a slight decrease to
76.85% at epoch 35 and further to 74.07% at epoch 40. This trend suggests that
the model is learning to generalize better up to epoch 30, after which there might

be some signs of overfitting as the validation accuracy starts to decrease.

— Test accuracy: The test accuracy starts at 61.11% at epoch 5 and improves to a
peak of 82.40% at epoch 35. The accuracy then drops to 68.51% at epoch 40. The
highest test accuracy is observed at epoch 35, indicating that this epoch is likely the

optimal point where the model has learned sufficiently without overfitting.

— Best epoch number based on test dataset: Epoch 35 is the best epoch based on the
test dataset, with the highest accuracy of 82.40%. This suggests that the model
performs best on unseen test data at epoch 35, balancing between learning enough

from the training data and not overfitting.

e Learning rate

Table 3.2 presents accuracy on the training, validation, and test datasets obtained using
different learning rates. Each row corresponds to a specific learning rate, and the columns

represent the accuracy achieved on each dataset. The validation accuracy shows variabil-

Table 3.2: Accuracy variation according to learning rates

Learning Rate (Lr) | Train | Validation | Test
0.001 100% 76.85% 82.40%
0.002 99.88% 75% 82.40%
0.003 100% 72.22% 84.25%
0.004 99.77% 71.30% 82.40%
0.005 99.88% 71.30% 75.92%

ity with different learning rates, without a clear trend of improvement or degradation.
However, the test accuracy demonstrates significant variability, ranging from 75.92% to
84.25%, indicating the sensitivity of model performance to the choice of learning rate. No-
tably, a learning rate of 0.003 achieves the highest test accuracy of 84.25%, suggesting its
effectiveness in generalizing to unseen data. This sensitivity underscores the importance
of careful selection of the learning rate during model training to optimize performance
and generalization. Additionally, monitoring validation accuracy can provide insights

into potential overfitting or underfitting during training.
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e Batch-size

Table 3.3 illustrates the impact of different batch sizes on the accuracy of a trained model

across the training, validation, and test datasets.

Batch size refers to the number of

samples processed by the model in each training iteration. This analysis aims to investigate

how varying batch sizes influence the model’s performance and generalization ability.

Table 3.3: Accuracy variation according to batch size

Batch Size | Train | Validation | Test
4 100% 72.22% 84.25%
8 100% 66.07% 82.14%
16 100% 66.43% 73.21%
32 99.88% 67.97% 61.45%

Training accuracy remains consistently high (99.88% to 100%), indicating the model’s

proficiency in learning the training data irrespective of batch size. However, validation

accuracy varies slightly (66.07% to 72.22%), suggesting a minor impact of batch size on

validation performance. Test accuracy fluctuates notably (61.45% to 84.25%), demon-

strating the significant influence of batch size on model generalization. The highest test

accuracy (84.25%) is observed with a batch size of 4, indicating the potential benefits of

smaller batch sizes. Nevertheless, this trend is inconsistent across all batch sizes, empha-

sizing the need for careful batch size selection to balance training efficiency and model

performance on unseen data.

e Dropout rate

Table 3.4 displays accuracy on the train, validation, and test datasets across different

dropout rates. Dropout is a regularization technique used in neural networks to prevent

overfitting. This experiment explores the impact of varying dropout rates on the model’s

performance and generalization.

Table 3.4: Accuracy variation according to dropout rates

Dropout | Train | Validation | Test
0.1 100% 80.56% 75.92%
0.3 100% 72.22% 84.25%
0.5 100% 78.70% 74.07%
0.7 99.53% 68.52% 75.0%
0.9 100% 80.56% 84.25%

Training accuracy remains consistently high (99.53% to 100%), indicating robust learn-

ing regardless of dropout rate. Validation accuracy shows a minor variation (68.52% to
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80.56%) with dropout changes. Test accuracy fluctuates notably (74.07% to 84.25%), sug-
gesting dropout rate significantly impacts model generalization. The highest test accuracy
(84.25%) is observed at a dropout rate of 0.3, indicating its potential efficacy. However,
this trend varies, underlining the importance of careful dropout rate selection to balance

training efficiency and model performance on unseen data.

We selected the hyper-parameters shown in Table 3.5 to be used in the construction of our

model based on the trials we conducted.

Table 3.5: Hyper-parameters used on RAVDESS dataset

Hyper-parameter | Value

Batch-size 4

Epochs 35

Dropout rate 0.3

Learning rate (Lr) | 0.003

Optimizer SGD

Loss function CrossEntropyLoss

3.4.2.2 For CREMA-D dataset

We studied the CREMA-D dataset for our approach following the same steps as the previous
RAVDESS dataset. The following results were obtained for this dataset, along with the hyper-
parameter specifications. We also evaluated the model performance to ensure the effectiveness
and robustness of our approach, as shown in Table 3.6, which details the hyper-parameters used
in the approach.

The hyper-parameters used in the approach.

Table 3.6: Hyper-parameters used for CREMA-D dataset

Hyper-parameter | Value

Batch-size 4

Epochs 30

Dropout rate 0.3

Learning rate (Lr) | 0.001

Optimizer SGD

Loss function CrossEntropyLoss
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3.4.3 Model performance evaluation

Evaluating model performance is crucial to understanding how well it generalizes to new data

and identifying areas for improvement

3.4.3.1 On RAVDESS dataset

We tested the model on 10% of the entire dataset after it had been trained using the hyper-
parameters shown in the above table. Figure 3.2, and Table 3.7 displays the obtained results.

female_angry 1 5 0 0 o 0 0 0 ] 0 0 a 0 0 0

fﬁ-wnaleﬁdisgust-ono © 0o o 0 © © 0 0 0 0 o0

female_fearq1 0 0 = 0 0 1 0 0 0 0 a 0 ] 0

female_happy { © 0 1 o o o © © 0 0 0 0 ©
female_neutral O 0 0 (4] 0 0 0 0 0 o] 0 0 0
female sad 1 0 0 1 a 1] 6 o 0 ] 0 a 1] 0 o

female_surprise 1 1 0 0 1] [} 1] 5 ] 1] v} o] o 0 1]

true label

male_angry { 0 0 0 [} 0 0 0 5 ] 0 1 1] 0 0
male_disgust 0 0 o) [ [ Q ] 0 4 o) (o} o o ]
male_fear 1 0 0 0 o 0 0 0 o 2 | - - a 0 2 0
male happy{ 0 0 ©0 © ©0 © 0 © 0 0 2 0 0 1
male_neutral
male_sad 4

male_surprise

predicted label

Figure 3.2: Model test results "Confusion matrix”

The table below summarizes the performance metrics of our system, which classifies speech
into various emotional categories. The metrics include precision, recall, and F1-score for each
emotion category, as well as overall accuracy, macro average, and weighted average. These
metrics are essential for evaluating the effectiveness of the SER system in accurately detecting

and classifying different emotional states from speech data.
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Table 3.7: Performance Metrics for Speech Emotion Recognition

Emotion Precision | Recall | F1-Score | Support
female_angry 0.83 1.00 0.91 5
female disgust 1.00 1.00 1.00 9
female fear 0.71 0.83 0.77 6
female_happy 1.00 0.89 0.94 9
female neutral 1.00 1.00 1.00 14
female sad 0.86 1.00 0.92 6
female_ surprise 1.00 0.83 0.91
male_angry 1.00 0.67 0.80

male_ disgust 0.67 1.00 0.80

male fear 1.00 0.64 0.78 11
male_happy 0.29 1.00 0.44 3
male neutral 1.00 1.00 1.00 10
male sad 0.80 0.80 0.80 10
male_ surprise 0.83 0.50 0.62 10
accuracy - - 0.84 108
macro avg 0.84 0.85 0.85 108
weighted avg 0.87 0.84 0.85 108

3.4.3.2 On CREMA-D dataset

After training the model with the hyper-parameters displayed in Table 3.6, we tested it on 10%
of the whole dataset. Figures 3.3 and Table 3.8 show the results that were achieved.
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Figure 3.3: Model test results "Confusion matrix” for CREMA-D

The confusion matrix provides a detailed evaluation of the Speech Emotion Recognition
(SER) system’s performance. Rows represent true labels and columns represent predicted labels,
with high diagonal values indicating correct predictions.

The system shows strong performance in recognizing emotions like female anger (44 out of
49) and male anger (57 out of 69). It also accurately classifies female neutral (43 out of 44) and
male neutral (47 out of 50).

However, there are areas of confusion, particularly for emotions with overlapping acoustic
features. Female happiness (32 out of 52) is often confused with female fear and male fear, while
male happiness (45 out of 97) shows significant misclassification. Female sad (34 out of 56) is
frequently mistaken for female fear. Both female and male disgust show moderate performance
but are confused with other emotions, indicating challenges in finer distinctions.

The table below summarizes the performance metrics of a Speech Emotion Recognition (SER)
system, detailing precision, recall, and F1l-score for each emotion category, along with overall

averages.
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Table 3.8: Performance Metrics for Speech Emotion Recognition

Emotion Precision | Recall | F1-Score | Support
female angry 0.66 0.94 0.77 47
female_disgust 0.75 0.68 0.71 40
female fear 0.68 0.50 0.58 42
female_happy 0.89 0.69 0.78 52
female neutral 0.67 0.62 0.64 54
female sad 0.72 0.70 0.71 56
female_ surprise 0.79 0.68 0.73 47
male_angry 0.70 0.88 0.78 65
male_ disgust 0.78 0.62 0.69 63
male_ fear 0.61 0.62 0.61 55
male__happy 0.61 0.58 0.59 47
male neutral 0.72 0.87 0.79 54
male_sad 0.70 0.70 0.70 62
male_surprise 0.62 0.40 0.49 49
micro avg 0.71 0.71 0.71 663
macro avg 0.61 0.61 0.60 663
weighted avg 0.71 0.71 0.70 663

3.5 Comparison of results

Our system’s accuracy was compared to some recent works conducted using RAVDESS data to
assess its performance in other studies that are currently available. The comparison’s findings

are presented in the bar chart.
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Figure 3.4: Performance comparison of recent rorks on the RAVDESS dataset

The comparison of our proposed system with recent works on the RAVDESS dataset reveals
notable performance variations. Singh et al. (2021) employed hierarchical models, reaching
81.2%, while Ullah et al. (2023) used a Transformer encoder with CNN parallelization, attain-
ing 79.8%. Traditional CNN and LSTM methods by Kwon et al. (2021) and Wojpayingcha and
Srisamorw (2021) achieved accuracies of 80.0% and 81.0%, respectively. Muppidi and Rudrar
(2021) utilized a Quaternion CNN with a 77.87% accuracy. Dai Ri et al. (2023) integrated a
CNN-based model with Convolutional Attention Blocks, resulting in 83%. Our system stands

out with an 84.25% accuracy, highlighting its effectiveness in speech emotion recognition.

We now evaluate our system’s performance in other existing studies by comparing its accu-

racy on the CREMA-D dataset. The results of the comparison are shown in the bar chart.
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Figure 3.5: Performance comparison of recent rorks on the CREMA-D dataset

The performance of various methods on the CREMA-D dataset has been compared in re-
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cent works, shedding light on the effectiveness of different approaches in emotion recognition.
Among these studies, the work by Kim and Lee (2023) stands out with Transformers achieving
an impressive accuracy of 82.96%. In contrast, Dal Ri et al. (2023) utilized CNNs and attained
a slightly lower accuracy of 68%. DONUK (2022) explored CNNs, SVMs, and a combined ap-
proach, with accuracies ranging from 62.86% to 66.01%. Additionally, Mihalache and Burileanu
(2023) employed DNNs, yielding an accuracy of 55%. In comparison, our system achieved a
commendable accuracy of 71%. While not the highest among the listed methods, this perfor-
mance underscores the competitive nature of our system in emotion recognition tasks on the

CREMA-D dataset.

3.6 Conclusion

This chapter has presented a comprehensive framework for SER employing Transformers. We
introduced the architecture and methodology of our approach, detailing both the training and in-
ference phases. Through extensive experimentation, we evaluated the performance of our model
using datasets such as RAVDESS and CREMA-D, highlighting the effectiveness of hyperpa-
rameter tuning for optimizing results. Furthermore, we compared our findings with existing
approaches, showcasing the competitive edge of our system in accurately discerning emotions
from speech data. Overall, our work demonstrates the potential of Transformers in advancing
the field of SER, paving the way for more sophisticated and nuanced emotion recognition systems

with wide-ranging applications in human-computer interaction, healthcare, and beyond.

Univ-Skikda/Artificial Intelligence: 202/ 74



(General conclusion

Conclusion

In this thesis, the critical need for emotional intelligence in smart devices, such as voice assis-
tants and robots, is emphasized. Current devices lack the ability to understand and respond
to human emotions, limiting their interaction effectiveness. Addressing this gap, the proposed
approach leverages machine learning workflows and pre-trained models to enhance speech emo-
tion recognition (SER) systems. By utilizing Mel-frequency spectrograms and advanced models
Wev2Vec and HuBERT, the system achieves significant improvements in emotion classification
accuracy. The experimental results demonstrate that the Transformer-based approach yields ac-
curacies of 84.25% on the RAVDESS dataset and 71% on the CREMA-D dataset, underscoring

the potential of these models to revolutionize SER systems.

Perspectives

Future research should explore several avenues to build on the findings of this thesis:

e Expanding the datasets used for training and evaluation to include more diverse and
naturalistic speech samples, which could improve the generalization capabilities of SER

models.

e Integrating multimodal emotion recognition, combining speech with facial expressions and

physiological signals, to provide a more holistic understanding of human emotions.

e Deploying these enhanced SER systems in real-time applications, such as customer service,

healthcare, and education, to evaluate their performance in real-world scenarios.

o Exploring the ethical implications and ensuring privacy and data security in emotion

recognition systems for broader societal acceptance and implementation.

e Advancing the interpretability of Transformer-based models to better understand their

prediction processes and build trust in their decision-making.
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Appendix A

Work environment and development
Tools

Introduction

This appendix presents the essential hardware and software tools used to implement our system.

It covers key hardware and software components that support computing needs.

Hardware tools

We utilized the following hardware configuration to complete our work:

Google Colab Hardware:

o CPU: 2x Intel(R) Xeon(R) CPU @ 2.30GHz
e RAM du systeme: 12.7 GB
e RAM du GPU: 15.0 GB

Disk: 78.2 GB

e GPU: T4

Software tools

Google colaboratory: With Google Colaboratory, also known as Colab, you can create and
run Python code directly from your browser. Colab is an as-a-service version of Jupyter Note-
book. A free and open-source product of the Jupyter Project is Jupyter Notebook. Python
programming language: Python is a high-level, interpreted, object-oriented programming

language with an emphasis on readability and an easy-to-learn syntax. Python was actually
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created with readability in mind, resembling an English language with a strong mathematical
component in its syntax.

Used libraries:

e 0s: The os library in Python is a standard library that provides functionality to interact
with the operating system in a portable manner. It allows for file and directory opera-
tions such as creating, deleting, and manipulating files and directories. The library also
enables access to environment variables, management of processes, and execution of shell
commands. Additionally, it offers tools for path manipulation to construct, parse, and
normalize file paths across different operating systems. The os library is essential for
tasks involving file system interaction, environment configuration, and system command

execution within Python applications.

e Torchaudio: is a specialized library within the PyTorch ecosystem for audio and speech
processing. It simplifies the implementation and experimentation with machine learning
models by providing a range of tools and functionalities. These include I/O utilities for
loading and saving audio files in various formats, pre-built audio transformations like
spectrograms and MFCCs, and built-in support for popular audio datasets. Torchaudio’s
functional API offers low-level control for custom operations, and its seamless integration
with other PyTorch modules facilitates end-to-end workflows. This library streamlines
the development process for audio-based machine learning applications, from data pre-

processing to model training and evaluation.

e NumPy: It is a Python programming language module designed to work with matrices
or multidimensional arrays and the mathematical operations that these arrays perform.
More specifically, this collection of free and open-source software offers, several functions
that enable the manipulation of vectors, matrices, and polynomials in addition to the
ability to immediately build a table from a file or, conversely, store a table in a file. SciPy

is a collection of Python libraries centered on scientific computing, built on top of NumPy.

« Pandas: An open-source Python package called Pandas offers strong features for data
manipulation and analysis. Because of its effective and adaptable data structures, it is
extensively utilized in workflows related to data science and data analysis. The main
data structure in the DataFrame, a two-dimensional data structure resembling a table
with labeled rows and columns, is created by Pandas. Pandas is a well-liked option for
activities like data wrangling, data cleaning, exploratory data analysis, and data visual-
ization because it makes it simple to load, clean, convert, and analyze structured data.
Pandas makes working with tabular data easier by offering a wide number of functions

and methods that make it simple for users to edit and extract insights from their data.

e« Matplotlib: Matplotlib is widely recognized as the most popular library for data visu-

alization and exploration. It offers a broad range of tools for creating basic graphs, such
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as line charts, scatter plots, histograms, bar charts, and pie charts. Matplotlib serves as
the foundation for many other visualization libraries. It is a plotting library specifically
designed for the Python programming language and its numerical extension, NumPy. By
using Matplotlib, users can visualize patterns, trends, and correlations that might not be

detected by simply examining textual data.

Conclusion

The hardware and software tools detailed in this appendix are foundational for creating a con-

ducive and productive environment for software development.
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Appendix B

Implementation steps

Introduction

In this annex, we outline the various steps for implementing the speech emotion recognition
classification system. These crucial steps include importing necessary libraries, splitting data,

creating the HuBERT model, the training process, and final testing.

Importing libraries

First, we will import all the modules needed to train our model. Figure B.1 shows a piece of

code that imports the necessary libraries.

+

impor
import pandas as pd
import numpy as np
import torch

05

import torch.nn as nn
from torch.utils.data import Dataset, Dataloader
import matplotlib.pyplot as plt

Figure B.1: Libraries used

Data splitting

We have divided this dataset into three subsets: one for training, one for validation, and one for

testing (train/val/test). The division of this data was carried out using the code shown below:



Implementation steps

BATCH SI7E = 4
TRAIN SI7E = 8.8
VAL 5I7E = 9.1

# Create the full dataset

full dataset = AudioDataset(df, "path’, "label class’, train size=TRAIN SIZE + VAL_SIZE)
# Split the full dataset into training and validation/test sets

n(full_dataset) * TRAIN_SIZE

full dataset) * VAL SIZE)

ull_dataset) - train_size - val_size

train_size =

val size = 1

Figure B.2: Splitting dataset

The figure shows a snapshot of Python code used for splitting a dataset into training, valida-
tion, and test sets. The code uses the AudioDataset class to create a dataset from a DataFrame
and then calculates the sizes of the subsets based on the specified proportions (80% for train-
ing, 10% for validation, and 10% for testing). This ensures that the dataset is appropriately

partitioned for training and evaluating a speech emotion recognition model.

Creating the HuBERT model

To create and initialize the HuBERT (Hidden-Unit BERT) model for speech emotion recognition,

we used the following code:

model = HubertAudioModel().to(device)

next{model.parameters()).device

Figure B.3: HuBERT Model

Training process

As clarified by the following function, ”training” is the phase where a model learns from data to
improve its performance. this crucial process for our model, enabling it to learn and optimize

its ability to make accurate predictions or classifications based on the provided data.
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def train_step(model: torch.nn.Module,
train_loader: torch.utils.data.Dataloader,
val loader: torch.utils.data.Dataloader,
loss_fn: torch.nn.Module,
optimizer: torch.optim.Optimizer,
accuracy_fn,
device: torch.device = device):

train_loss, train_acc = 8, @
val_loss, val acc = @, @

# Put model into training mode
model . train()

Figure B.4: train step

Test

We have ten percent of our dataset that will be used to assess the caliber of our model. These

test results are new data for our model because they were not used in the learning process.

def test step(model: torch.nn.Module, data_loader: torch.utils.data.Dataloader,
loss_fn: torch.nn.Module, accuracy_fn, device: torch.device = device):
#88 Testing
# Setup variables for accumulatively adding up loss and accuracy
test loss, test acc =8, @

# Put the model in eval mode
model.eval()

Figure B.5: test step

Here are the test results of our system:

o For RAVDESS dataset

model_result = eval_model(model, test_dataloader, loss_fn, accuracy_fn)

model_result

{'model_name’: ‘HubertAudioModel',
‘model _loss': @.829942524433136,
‘model_acc’: 84.25925925925925}

Figure B.6: Test results for the RAVDESS dataset

e For CREMA-D dataset
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model_result = eval_model(model, test_dataloader, loss_fn, accuracy_fn

model_result

{'model_name': "HubertAudioModel'’
‘'model_loss': 1. 9140310287476,
'model_acc': 70.93373493575903

Figure B.7: Test results for the CREMA-D dataset

Conclusion

These systematic implementation steps, we ensure the successful development and precise eval-

uation of the HuBERT model for speech emotion recognition classification.
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